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Executive Summary  1 
 2 
Climate models play an important role in climate research, enhancing our ability to understand past climate 3 
change and providing quantitative information about the future. Confidence in using climate models is based 4 
on careful evaluation of model performance, making use of increasingly comprehensive observationally-5 
based data sets and well-designed model intercomparison activities. This chapter provides an assessment of 6 
climate model evaluation, focusing particularly on developments since the IPCC Fourth Assessment Report 7 
(AR4). A range of models are considered, including: 8 
 9 
• coupled Atmosphere-Ocean General Circulation Models (AOGCMs) used in both long-term climate 10 

projection and shorter-term (seasonal to decadal) climate prediction; 11 
 12 
• their extension to ‘Earth System’ Models (ESMs), in which representation of climatically important 13 

biogeochemical cycles are included; 14 
 15 
• higher resolution, limited area Regional Climate Models (RCMs) used extensively in downscaling global 16 

climate results to particular regions; 17 
 18 
• Earth System Models of Intermediate Complexity (EMICs) used to undertake very long (e.g., millennial) 19 

climate simulations, or to provide large ensembles exploring parameter uncertainty. 20 
 21 
The evaluation of climate models depends directly on the availability of high-quality observational data sets 22 
whose uncertainty is understood and quantified. These observational data have been described in earlier 23 
chapters. A particular advance since the AR4 has been in the area of model ‘metrics’ – that is, numerical 24 
measures of model performance reflecting the difference between a model and a corresponding observational 25 
estimate. These metrics allow more systematic evaluation of models and more concise presentation of 26 
evaluation results. This chapter will make extensive use of such metrics, with more traditional presentation 27 
of ‘error maps’ included in the supplementary material.  28 
 29 
Another advance since the AR4 is the extensive use of ‘satellite simulators’ in climate models. This involves 30 
on-line calculations which provide output more directly comparable to remote sensing observations from 31 
satellites. This approach is particularly valuable in evaluating the representation of clouds in climate models. 32 
 33 
The availability of carefully constructed multi-model experiments, notably the Coupled Model 34 
Intercomparison Projects (CMIP3 and CMIP5) and the Coordinated Regional Downscaling Experiment 35 
(CORDEX), allow for increasingly in-depth analysis of model results. The multi-model ensemble allows for 36 
some assessment of uncertainty in climate model capabilities in cases where suitable observations are not 37 
available, but more importantly it allows one to begin investigating the connection between particular model 38 
errors/biases with particular characteristics or process parameterisations in a model. This necessarily requires 39 
careful and extensive documentation of each model, something that has also improved since the AR4. 40 
 41 
The ability of climate models to simulate historical climate, its change and variability has improved in many 42 
important respects since the AR4. Particular examples include: 43 
 44 
• Specific bullet points will be included here based on analysis that will be presented in the Chapter. At 45 

this point, we include only a placeholder, as results from the CMIP5 models are not yet available. The 46 
bullet points will note particular areas in which modelling capability has improved since the AR4, and of 47 
course areas in which improvements have stagnated, or areas in which significant errors/biases remain.  48 

 49 
The Executive Summary will conclude with a few paragraphs assessing the overall state/capability of climate 50 
models, a summary of findings related to the sources of model errors and uncertainties, and an assessment of 51 
the ‘credibility’ of climate models for the applications that follow in Chapters 10-14. This will be written 52 
once the CMIP5 model results are available and evaluated. 53 
 54 
 55 

56 
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9.1 Climate Models and their Characteristics  1 
 2 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 3 
 4 
9.1.1 Introduction  5 
 6 
Climate models constitute the primary tools available for investigating the response of the climate system to 7 
various forcings, for making climate predictions on seasonal to decadal time scales, and for making 8 
quantitative projections of future climate over the coming century and beyond. It is crucial therefore to 9 
critically evaluate the performance of these models, both individually and collectively. The focus here will 10 
be particularly on the models whose results will be used in Chapters 10 through 12, and so this is necessarily 11 
an incomplete evaluation. In particular, we will draw heavily on model results collected as part of the 12 
Coupled Model Intercomparison Projects (CMIP3 and CMIP5 -- (Meehl et al., 2007); (Taylor, 2011) as this 13 
constitutes a set of well-controlled and increasingly well-documented climate model experiments. Other 14 
intercomparison efforts, such as the Coordinated Regional Downscaling Experiment (CORDEX), dealing 15 
with regional climate models (RCMs), and those dealing with earth system models of intermediate 16 
complexity (EMICs) will also be used. Results from earlier evaluations will be included so as to illustrate 17 
changes in model performance over time. 18 
 19 
The direct approach to model evaluation is to compare observations with model output and analyze the 20 
resulting difference. This requires knowledge of the errors and uncertainties in the observations, which have 21 
been discussed in Chapters 2 through 5. Where possible, averages over the same time period in both models 22 
and observations will be compared, although for many quantities, only observationally-based estimates of 23 
the climatological mean are available. In cases where observations are lacking, we will resort to 24 
intercomparison of model results to provide some quantification of model ‘uncertainty’.  25 
 26 
After a more thorough discussion of the methods, in Section 9.2, we will evaluate recent and longer-term 27 
records as simulated by global models in Section 9.3, variability and extremes in Section 9.4, downscaling 28 
and regional scale climate simulation in Section 9.5 and conclude with a discussion of the sources of model 29 
errors in Section 9.6 and the relation between model performance and the credibility of future climate 30 
projections in Section 9.7. 31 
 32 
9.1.2 Overview of Models to be Evaluated  33 
 34 
The models used in climate research range from simple energy balance models to full complexity Earth 35 
System Models using state of the art high-performance computing. The choice of model depends directly on 36 
the scientific question being addressed (Collins et al., 2006c; Held, 2005). Applications include simulating 37 
historical climate, predicting near-term climate change on seasonal to decadal time scales, making 38 
projections of future climate change over the coming century or more, and downscaling such projections to 39 
provide more detail at the regional and local scale. Computational cost is a factor in all of these, and so 40 
simplified models (with reduced complexity or spatial resolution) can be used when larger ensembles or 41 
longer integrations are required. Examples of the latter include exploration of parameter sensitivity or 42 
simulations of climate change on the millennial or longer time scale. Here, we provide a brief overview of 43 
the climate models evaluated in this chapter. 44 
 45 
9.1.2.1 Earth System Models (ESMs) 46 
 47 
These are the current state of the art climate models in the AR5, in terms of the extent to which the overall 48 
climate system is represented. Compared to the AOGCMs that constituted the bulk of the models assessed in 49 
the AR4, ESMs include representation of various biogeochemical cycles such as those involved in the carbon 50 
cycle, the sulphur cycle, stratospheric ozone, etc. These models provide the most comprehensive tools 51 
available for simulating past and future response of the climate system to external forcing, in which 52 
biogeochemical feedbacks play a potentially important role. These models require using the largest and 53 
fastest high-performance computing platforms available and typically require about one month for a 100-54 
year simulation.  55 
 56 
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9.1.2.2 Atmosphere-Ocean General Circulation Models (AOGCMs) 1 
 2 
These models were the “standard” climate models in the AR4. Their primary function is to understand the 3 
dynamics of the physical components of the climate system (atmosphere, ocean, land, and sea-ice) and make 4 
projections from future pathways of concentrations. These models are still extensively used, and in particular 5 
are run (often at higher resolution) for seasonal to decadal climate prediction applications in which 6 
biogeochemical feedbacks are less important than they are in century-scale projections.  7 
 8 
9.1.2.3 Earth-System Models of Intermediate Complexity (EMICs) 9 
 10 
These models attempt to include all relevant components of the earth-system, but often in an idealized 11 
manner or at lower resolution than the models described above. These models are applied to certain scientific 12 
questions such as understanding climate feedbacks on millennial time scales or exploring sensitivities in 13 
which long model integrations or large ensembles are required (Claussen et al., 2002; Petoukhov et al., 14 
2005). This class of models often includes climate system components not yet included in ESMs (e.g., ice 15 
sheets). As computer power increases, this model class has continued to advance in terms of resolution and 16 
complexity.  17 
 18 
9.1.2.4 Regional Climate Models (RCMs) 19 
 20 
These models focus on a particular geographical region, usually employing a limited area grid driven at the 21 
boundaries by output from a global climate model or reanalysis system (Rummukainen, 2010; Wang et al., 22 
2004). Many RCMs include an atmospheric component and a land surface component, with SST and sea ice 23 
as boundary conditions, although some include interactive oceans, sea-ice, and/or vegetation components 24 
(e.g., Dorn et al., 2009; Doscher et al., 2010). Typically, the representations of climate processes are 25 
comparable those in AOGCMs and ESMs (and in many cases share much of the same model code). The 26 
typical application of an RCM is to ‘downscale’ global model projections providing higher-resolution 27 
regional-scale information for impact studies.  28 
 29 
[PLACEHOLDER FOR FIRST ORDER DRAFT: Refer to model complexity figure in Chapter 1] 30 
 31 
9.1.3 The Path to Model Improvement 32 
 33 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 34 
 35 
9.1.3.1 The Model Development Process  36 
 37 
The models evaluated in this chapter consist of many components (atmosphere, ocean, ice, land surface, etc.) 38 
and, as highlighted earlier, some of them include descriptions of biogeochemical processes. All 39 
comprehensive climate models are founded on well-known physical laws and basic principles (e.g., energy 40 
and momentum conservation). The two principal steps in developing a climate model are:  41 
 42 
i) Find the mathematical expressions for the physical laws as they apply to the system to be modelled. This 43 

often requires theoretical work for instance in deriving and simplifying the mathematical expressions 44 
that best describe the system;  45 

 46 
ii) Implement the mathematical expressions derived in i) on a computer. This requires the development of 47 

numerical methods that allow the efficient solution of the mathematical expressions for each subsystem. 48 
Most models implement these numerical methods on some form of grid (both horizontal and vertical), 49 
the best known of which is the latitude-longitude-height grid.  50 

 51 
The climate system is a very complex natural systems and modelling it using the approach above requires 52 
significant supercomputing resources. Hence, additional constraints due to limitations in computing power 53 
further influence the two basic steps above. Despite great progress in supercomputing even the most 54 
powerful computers today (and in the foreseeable future) require compromises to be made when designing a 55 
climate model. These important and competing constraints cover three main areas: 56 
 57 
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i) The numerical implementation described above allows for a choice of grid-spacing in the model 1 
components, often referred to as “model resolution” (see Section 9.1.3.4). Higher model resolution, i.e., 2 
smaller grid spacing, generally leads to more accurate models but also leads to higher computational 3 
cost. Model resolutions affordable today imply that certain processes important to climate, such as cloud 4 
processes (see Chapter 7), are excluded from the numerical solutions and have to be represented through 5 
simple conceptual models usually referred to as parameterisations. 6 
 7 

ii) The climate system contains many processes the relative importance of which varies with the time-scale 8 
of interest. Hence compromises to include or exclude certain processes in a model must be made, with 9 
each increase in complexity usually accompanied by an increase in computational cost.  10 

 11 
iii) The climate system is highly non-linear and as a consequence often shows chaotic behaviour. A single 12 

model simulation therefore only represents one of the possible pathways the climate system might follow 13 
and it is necessary to carry out a number of simulations either with several models or by performing an 14 
ensemble of simulations with an individual model (each ensemble member having been perturbed in 15 
some way) to allow some evaluation of uncertainties. It is self-evident that increasing the number of 16 
simulations through an ensemble approach increases the computational cost. 17 

 18 
As a consequence of the compromises required in modelling the climate system, trade-offs are introduced 19 
depending on the aim of the study. This naturally leads to the several classes of models as introduced in 20 
Section 9.1.2. 21 
 22 
As the discussion above highlights, the development of climate models takes place at three distinct but 23 
strongly connected levels that are illustrated in Figure 9.1. Having developed the numerical description of 24 
one of the model components (e.g., atmosphere, ocean, etc.), it is necessary to develop descriptions of all the 25 
important processes that are excluded from the model by the necessary choice of model resolution (Level 1 26 
in Figure 9.1). This process of parameterisation has become very complex (Jakob, 2010) and is often carried 27 
out by isolating the process of interest and developing the best possible conceptual model of it, constrained 28 
by available observations, computational resources and current knowledge (e.g., (Randall et al., 2007)). The 29 
values of any adjustable parameters contained in the conceptual models are usually chosen, within the 30 
bounds of our knowledge, to ensure the best possible process representation - a process often referred to as 31 
model tuning (See “Tuning” box – Box 9.1). 32 
 33 
 34 
[START BOX 9.1 HERE] 35 
 36 
Box 9.1: Potential Box on Model Tuning [joint with Chapter 7] 37 
 38 
The global climate is an extremely complex system and there is no known set of equations that describes it 39 
completely.  Rather climate models are comprised of a fundamental component, the part of the system 40 
described by established physical principles, and a non-fundamental component, whereby important 41 
processes are described as best one can (McWilliams, 2007). This mix of fundamental and non-fundamental 42 
components in the description of the climate system makes climate models interesting from an 43 
epistemological perspective (Oreskes et al., 1994; Petersen, 2000; Stevens and Lenschow, 2001; Mueller, 44 
2010), and underlies much of their imprecision (McWilliams, 2007). 45 
 46 
As an example, the primitive equations used by most comprehensive climate models provide a fundamental 47 
description of the fluid mechanics of the atmosphere and ocean, at least for scales of motions that most 48 
climate models choose to represent. The primitive equations are a well-defined limit of the Navier-Stokes 49 
equations, a limit whose mathematical properties (integrability) are actually better understood than the 50 
Navier-Stokes equations themselves (Cao and Titi, 2007). In contrast, smaller scale or non fluid-dynamical 51 
processes, either because their degrees of freedom are too numerous to be individually represented or 52 
because their physics is incompletely known, comprise much of the non-fundamental, and by definition 53 
uncertain, component of a comprehensive climate model. However, even for the fundamental components of 54 
the system, uncertainty arises through discretisation of the equations (e.g., Oden and Prudhomme, 2002).  55 
 56 
The construction of a comprehensive climate model involves making choices concerning the discretisation; 57 
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which component processes to incorporate; the basic form of the equations describing these processes; and 1 
the parameter values that give these descriptions their specific form. Usually model tuning is identified only 2 
with the final step of model development, that being the choice of adjustable parameters (Randall and 3 
Wielicki, 1997).  4 
 5 
Tuning is thus inexorably connected to judgments as to what constitutes a skillful representation of the 6 
Earth’s climate. Some aspects of a simulation that one tunes toward are unquestionably important. For 7 
instance, maintaining the top-of-the-atmosphere energy balance in an unforced simulation is essential to 8 
prevent the climate system from drifting to an unrealistic state. Similarly, global observational constraints on 9 
quantities like the amount of water in the atmosphere, its distribution among its different phases, total 10 
rainfall, and the partitioning of the top of the atmosphere energy budget into its shortwave and longwave 11 
components, or clear and cloudy contributions, also guide the development of simulations and their 12 
presentation, as plausible representations of the climate system (Roeckner et al., 2006; Donner et al., 2011 13 
(in press); Collins et al., 2006b). Such considerations also apply on other components of Earth System 14 
models such as atmospheric chemistry or the carbon cycle. 15 
 16 
As our knowledge of the past and current state of the climate system increases, this knowledge is 17 
incorporated into the process of model tuning. For instance, given an equally good representation of the 18 
mean state, one’s choice of convection scheme may be guided by the ability of different schemes to support 19 
realistic variability in tropical circulations associated with phenomena such as El Niño, the Madden Julian 20 
Oscillation, or the seasonal migration of the inter-tropical convergence zones.  Momentum transport by 21 
gravity waves may be adjusted, either through changes to parameterizations of unresolved gravity waves, or 22 
one’s choice of model resolution or even representations of topography, to better represent circulations in the 23 
stratosphere, or the position of the storm tracks, or standing waves in the mid-latitudes. Ocean mixing 24 
parameters may be adjusted to better represent the thermal structure of the equatorial ocean or the strength of 25 
the meridional overturning circulation in the Atlantic. The degree to which one incorporates specific 26 
processes may be guided by the ability of a model system to represent the observed warming of the 20th 27 
century (e.g., Kiehl, 2007), or preconceptions about the potency of particular effects (e.g., Hoose et al., 28 
2009). Model development and tuning are hence guided by an awareness of deficiencies in the simulation of 29 
current and past climate states, an awareness that fundamentally complicates the a posteriori evaluation of 30 
models. 31 
 32 
Our lack of process understanding means that much model tuning is to some extent ad hoc. While tuning 33 
parameters are usually associated with processes that regulate the flow of energy, moisture or momentum 34 
through the climate system, the exact parameters differ among models and, with a few notable exceptions, do 35 
not generally correspond to observable quantities. Even in the cases when tuning parameters are associated 36 
with observational parameters, they are often undetermined by these quantities, in part because they often 37 
arise from effective descriptions of processes. As example consider a common tuning parameter for 38 
establishing the amount of condensed water in the atmosphere, namely the rate at which a distribution of 39 
stratiform clouds produce precipitation, as a function of the low order moments of the distribution of 40 
condensed cloud water. While the rate at which raindrops are formed from spatially homogeneous 41 
distributions of cloud droplets is reasonably well known, the effective rate for inhomogeneous distributions, 42 
particularly when they interact, is not well constrained experimentally or observationally. Concerning ice 43 
microphysical processes, large gaps in our understanding remain even for the case of homogeneous 44 
distributions of condensate. This lack of understanding on the level of specific processes means that 45 
parameterizations are developed, or parameters are chosen, from a family of plausible solutions largely 46 
through trial and error, with the success of particular trials determined based on the overall performance of 47 
the simulation. This fact increasingly motivates research at the process level, whereby fine-scale models are 48 
used to help bridge the gap between process level understanding, and the effective descriptions of processes 49 
that one incorporates in climate models (e.g., Randall et al., 2003a; Eden and Greatbatch, 2008), thereby 50 
limiting at least the family of plausible choices. 51 
 52 
The introduction of a new parameterization or a new choice of parameters does not necessarily improve all 53 
important aspects of a simulation. It is quite common that certain aspects of a simulation are improved at the 54 
costs of others. For instance, the representation of the meridional overturning circulation in the Atlantic may 55 
be improved by one parameter choice, but the fidelity of the equatorial sea surface temperatures may be 56 
degraded (Mauritsen, 2011 (in preparation)). Similarly models that are tuned to well represent inter-seasonal 57 
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variability in tropical convection often do so by degrading the representation of the mean state (Kim et al., 1 
2011 (submitted)). Counterexample: simulation of blockings and mean model biases (Scaife et al., 2010). 2 
 3 
Likewise deficiencies in the representation of some processes may be tolerated because they compensate 4 
deficiencies in the representation of other processes.  For instance unrealistically low ocean albedos at high 5 
latitudes have been tolerated in the past because ice-melt ponds were not incorporated in the description of 6 
sea ice, or excessive absorption of UV radiation has been tolerated because it was known to compensate for 7 
deficiencies in ozone climatologies (Mauritsen, 2011 (in preparation)). When compensating effects are 8 
understood, it is only a matter of time and resources before they are addressed. When they are not 9 
understood, however, it is difficult to implement improvements to component processes, because in such 10 
cases the improvement of one process can lead to an overall degradation in the quality of the simulation. 11 
 12 
In summary, model tuning is inseparable from model development and arises naturally from the fact that 13 
climate simulations depend to a significant degree on the uncertain representation of poorly understood 14 
processes.  Model tuning can be seen as the process by which our understanding of the current and present 15 
state of the climate system is incorporated into the development of climate models. These facts influence the 16 
use and evaluation of climate models and have led some to question whether climate models are a reliable 17 
source of knowledge for those aspects of the system toward which they were not tuned, such as 18 
anthropogenic climate change. But through the course of climate model development it has proven 19 
impossible to develop and tune equally plausible models that do not produce significant warming under 20 
increasing greenhouse gas concentrations, a fact that underlines the broad consensus behind the climate 21 
projections presented in all IPCC reports. 22 
 23 
[END BOX 9.1 HERE] 24 
 25 
 26 
Once descriptions for all the important processes have been found, single model components are assembled 27 
and evaluated individually (Level 2). For instance, the atmospheric component is evaluated by prescribing 28 
sea surface temperature (Gates et al., 1999) or the ocean and land components are evaluated by prescribing 29 
the atmospheric input (Barnier et al., 2006; Griffies et al., 2009a). At this stage of model development, it 30 
might be necessary to alter some of the parameters in the process representation within their uncertainty 31 
bounds to fulfil well-known global constraints in the individual components, a second phase of model tuning 32 
(See “Tuning” box, Box 9.1). Usually the parameter adjustments made at this stage are much smaller than 33 
those made initially when designing the process description. 34 
 35 
The final step of model development is the integration of all components into the full climate model and the 36 
evaluation of that model as a whole (Level 3 in Figure 9.1). A faithful representation (which is application- 37 
and metrics-dependent) of the climate system in these coupled models is the ultimate goal of climate 38 
modelling. As the coupling of the various components may lead to imbalances in the now significantly more 39 
complex model, a final small parameter adjustment may become necessary and is carried out at the time of 40 
coupling (See “Tuning” box, Box 9.1). The choice of which components to include derives from the purpose 41 
of the model simulations as well as the state of our scientific knowledge. The number of model components 42 
has increased steadily from the FAR to this report as scientific knowledge about the climate system and the 43 
maturity of component models has increased.  44 
 45 
[INSERT FIGURE 9.1 HERE] 46 
Figure 9.1: A simple figure that illustrates the three levels of model components and that highlights the 47 
different components of Atmosphere Ocean General Circulation Models (AOGCMs) and Earth System 48 
Models (ESMs). 49 
 50 
The process of building a comprehensive climate model is very complex and time-consuming and typically 51 
requires several years and dozens of scientists and software engineers. The increased demand on such highly 52 
skilled human resources has led to the development of community shared software infrastructures to 53 
combine model components or standardise model outputs and archival (Collins et al., 2005; Valcke et al., 54 
2006). The increasing modular nature of process-descriptions and model components leads to a sharing and 55 
exchange of model components in the climate modelling community. The result is that several of the models 56 
evaluated here contain similar or even identical components. For instance [X] of the [Y] models used here 57 
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employ the same ocean component [ZZZ] albeit with slightly different settings. This sharing of components 1 
has consequences for evaluating the ensemble of the CMIP models, as not all of them can be considered 2 
entirely independent (see Section 9.7). Table 9.1 provides an overview over the models used here, including 3 
an indication where model components are similar between models. 4 
 5 
[INSERT TABLE 9.1a OR TABLE 9.1b HERE] 6 
[Two possibilities are presented as options] 7 
Table 9.1a: Prototype Table 1 - List of coupled AOGCMs that participated at CMIP5 /MMD PCMDI.  8 
Selected model features of participating Earth System Models and important references. The models are 9 
listed by IPCC identification (Model ID) along with the calendar year of the first publication of results from 10 
each model. Also listed are respective sponsoring institutions, resolution information for atmosphere and 11 
ocean, features of the Carbon Cycle in ocean and land, details of the sea ice implementation, details of the 12 
terrestrial ecosystem implementation, and details on the coupled system. [This table would be aligned to fill 13 
a page in landscape mode, similar to AR4] 14 
Table 9.1b: Prototype Table 2 – Significant properties of the AOGCMs used for CMIP5. 15 
Selected model features of participating Earth System Models and important references. The models are 16 
listed by IPCC identification (Model ID) along with the calendar year of the first publication of results from 17 
each model and the respective sponsoring institutions. Also listed are references on the implementation of 18 
atmospheric dynamics, physics and chemistry, information on the implementation of oceanic dynamics, 19 
biogeochemistry and sea ice, information on the respective terrestrial ecosystem model, and details on the 20 
coupled system. [This table is a more detailed table that would go in portrait mode over two pages] 21 
 22 
9.1.3.2 Parameterisations 23 
 24 
As highlighted in Section 9.1.3.1, parameterisations are included in all model components to represent the 25 
processes that cannot be explicitly resolved in the numerical representations of the physical laws embedded 26 
in climate models. Parameterisations are continuously developed in a process-oriented way (Section 9.2.2.2) 27 
and are evaluated both in isolation and in the context of the full model (Section 9.1.3.1). The purpose of this 28 
section is to highlight major new developments in the parameterisations employed in each model component. 29 
 30 
9.1.3.2.1 Atmosphere 31 
Due to the limitations in their resolution (Section 9.1.3.4) atmospheric models need to parameterise a wide 32 
range of processes, including processes associated with atmospheric convection and clouds, cloud-33 
microphysical and aerosol processes, boundary layer processes, as well as radiation and the treatment of 34 
unresolved gravity waves. 35 
 36 
The treatment of atmospheric convection remains one of the most critical areas in atmospheric models. 37 
While there have been no major developments in the basic approach to this problem, there have been 38 
important refinements in existing convection parameterisations. A long-standing weakness of convection in 39 
climate models has been the lack of sensitivity of the development of convective clouds to their environment 40 
(Derbyshire et al., 2004). This has been a focus of development since AR4, and has resulted in improved 41 
simulations of tropical variability (Bechtold et al., 2008; Chikira, 2010; Chikira and Sugiyama, 2010; Neale 42 
et al., 2008). Another focus has been on improving of the transport of momentum in convection 43 
parameterisations (Richter et al., 2008). The work on an alternative approach to convection in climate 44 
models by using so-called super-parameterisations has progressed since AR4 and continues to yield 45 
promising results albeit at much increased computational cost, making the approach very useful in model 46 
evaluation (Demott et al., 2007, 2010; Khairoutdinov et al., 2008; Tao and Moncrieff, 2009; Tao et al., 2009; 47 
Zhu et al., 2009) but preventing its use for the climate scenario simulations used in this report.  48 
 49 
Previous assessment reports have highlighted the important role of cloud processes in modelled climate 50 
sensitivity. There have been some improvements in the underlying algorithms to determine the existence and 51 
structure of cloud fields in GCMs, typically based on the use of probability density functions of 52 
thermodynamic variables in specifying the model cloud structures (Watanabe et al., 2009). As cloud 53 
representations in climate models increasingly aim to represent the influence of aerosols on cloud evolution 54 
(see Chapter 7), there has also been considerable effort to improve the representation of cloud microphysical 55 
processes (Morrison and Gettelman, 2008). The increasing use of sophisticated treatments of aerosols (see 56 
Chapter 7) in climate models has led to upgrades in the treatment of atmospheric radiation modules 57 
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(Rotstayn et al., 2010), so that the radiative effects of aerosols can be included in a physically consistent 1 
fashion. The treatment of the radiative effects of clouds has also seen significant development (Barker et al., 2 
2008) 3 
 4 
Improvements in the representation of the atmospheric boundary layer since AR4 were focussed on several 5 
aspects, most notably on the basic representation of boundary-layer processes, the representation of the 6 
stable boundary layer and the representation of boundary layer clouds (Teixeira et al., 2008). A major new 7 
approach to treat cloud-topped boundary layers has emerged with the mixed Eddy-Diffusivity-Mass-Flux 8 
(EDMF) approach (Neggers, 2009; Neggers et al., 2009; Siebesma et al., 2007) and has been implemented in 9 
at least [X] models used in this report [to be checked; IPSL (tbc)]. Realistic treatment of the stable boundary 10 
layer in GCMs remains difficult and major research efforts are dedicated to resolving many of the 11 
outstanding issues (Beare et al., 2006; Cuxart et al., 2006; Svensson and Holtslag, 2009). The treatment of 12 
boundary layer clouds and improvements since AR4 are discussed in Chapter 7 [tbc, or included here].  13 
 14 
The influence of internal gravity waves on the general circulation and mass distribution of the troposphere 15 
and lower stratosphere has been well established by the success of early efforts to parameterise unresolved 16 
orographic gravity-wave drag (GWD) in global general-circulation models (GCMs) (e.g., Palmer et al., 17 
1986; McFarlane, 1987). These initial parameterisations of orographic GWD concentrated primarily on 18 
effects associated with the saturation (Lindzen, 1981) and critical-level interaction of freely propagating 19 
gravity waves. More recently, there have been efforts to develop more sophisticated parameterisations of 20 
orographically forced flows which include sources of low-level drag such as blocking, lee vortices, 21 
downslope windstorm flow, and trapped lee waves (e.g., Lott and Miller, 1997; Gregory et al., 1998; 22 
Scinocca and McFarlane, 2000). 23 
 24 
The parameterisation of drag due to non-orographic gravity waves is becoming a common feature of GCMs 25 
that include the middle atmosphere (i.e., stratosphere and mesosphere). The basic wind and temperature 26 
structure of the middle atmosphere arises largely from a balance between radiative driving and (primarily 27 
non-orographic) GWD (Holton, 1983). The term non-orographic refers to the fact that the sources of these 28 
waves (dynamical motions of the troposphere such as convection and frontal dynamics) are non-stationary 29 
and so induce waves with non-zero horizontal phase speeds. In the stratosphere, such GWD is essential to 30 
the driving of both the quasi-biennial oscillation in the Tropics (Dunkerton, 1997) and the equator-to-pole 31 
residual circulation in the summer hemisphere (Alexander and Rosenlof, 1996). Over the past decade, the 32 
importance of a well-resolved stratosphere on tropospheric prediction and projection has come under intense 33 
scrutiny as a consequence of coordinated efforts such as the core project “Stratospheric Processes And their 34 
Role in the Climate” (SPARC) of the World Climate Research Programme.  35 
 36 
[PLACEHOLDER FOR FIRST ORDER DRAFT: Description of aerosol treatment in models in Chapter 7 37 
(tbc)] 38 
 39 
[PLACEHOLDER FOR FIRST ORDER DRAFT: Include some information on cloud changes; cross-40 
chapter coordination with Chapter 7 needed.] 41 
 42 
[PLACEHOLDER FOR FIRST ORDER DRAFT: Include more relevant references and areas of 43 
improvements for all aspects as model papers become available.] 44 
 45 
9.1.3.2.2 Ocean  46 
Mesoscale and submesoscale eddy parameterisations  47 
Ocean components in contemporary climate and earth system models generally employ grids that are too 48 
coarse to explicitly represent mesoscale eddies, even though eddy transport is critical for setting the observed 49 
water mass properties and tracer distributions. To address the resolution gap, ocean models implement a 50 
version of the (Gent and McWilliams, 1990) eddy parameterisation that computes an eddy-induced tracer 51 
advection in addition to that obtained from the model's resolved velocity field (Gent et al., 1995; McDougall 52 
and McIntosh, 2001). This parameterisation, along with the neutrally oriented downgradient diffusion 53 
proposed by Solomon (1971), Redi (1982), and McDougall and Church (1986), provide the framework for 54 
nearly all mesoscale eddy parameterisations used in current climate models. Within that framework, research 55 
efforts have focused on how parameterised eddy fluxes in the ocean interior interact with parameterised non-56 
hydrostatic processes dominating the planetary boundary layer, (e.g., Gnanadesikan et al., 2007; Ferrari et 57 
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al., 2008; Ferrari et al., 2010; Danabasoglu et al., 2008). Another focus concerns specification of the eddy 1 
diffusivity setting the scale for parameterised eddy fluxes, (e.g., Held and Larichev, 1996; Visbeck et al., 2 
1997; Danabasoglu and Marshall, 2007; Eden and Greatbatch, 2008; Eden et al., 2009; Marshall and 3 
Adcroft, 2010). Such refined details of the eddy parameterisation are important for both the mean state and 4 
the response to changing forcing, especially in the Southern Ocean (Boning et al., 2008; Farneti and Gent, 5 
2011; Farneti et al., 2010; Gent and Danabasoglu, 2011; Hallberg and Gnanadesikan, 2006; Hofmann and 6 
Morales Maqueda, 2011). For ocean climate models of higher resolution, a question of growing importance 7 
concerns the need to partially parameterise unresolved mesoscale eddies without damping eddies explicitly 8 
resolved, with Roberts and Marshall (1998) and Smith and Gent (2004) proposing methods to address this 9 
issue.  10 
 11 
In addition to mesoscale eddies, there is a growing awareness of the effects that submesoscale eddies and 12 
fronts play in restratifying the mixed layer, with Boccaletti et al. (2007), Fox-Kemper et al., (2008), and 13 
Klein and Lapeyre (2009) representative of this effort, and with the parameterisation of (Fox-Kemper et al., 14 
2011) used in some ocean climate models. 15 
 16 
Parameterisations of dianeutral transformation  17 
There is a growing focus in the physical oceanography community on climate model parameterisations of 18 
dianeutral mixing associated with breaking gravity waves, with this topic the subject of a NSF/NOAA 19 
Climate Process Team in the USA. Basically, this effort aims to provide physical rigor to the prototype 20 
abyssal tidal mixing parameterisation of (Simmons et al., 2004) that is now used in several climate models 21 
(e.g., (Jayne, 2009)), and which aims to remove the ad hoc nature of the earlier (Bryan and Lewis, 1979) 22 
prescription. It also aims to capture more of the mixing processes associated with internal tides and other 23 
processes (see (MacKinnon et al., 2009) for an overview). In addition to traditional mixing processes, 24 
(Klocker and McDougall, 2010) identify the importance for water mass transformation, especially in the 25 
Southern Ocean, of processes arising from the complex equilibrium thermodynamics of seawater. These 26 
processes are present in models that utilize a realistic equation of state (e.g., (IOC et al., 2010)) to define the 27 
neutral directions used to orient lateral tracer diffusion. The transport of dense water down-slope with gravity 28 
currents (e.g., (Legg et al., 2008; Legg et al., 2009)) has also been the subject of focused effort, with 29 
associated developments making their way into some of the current generation of climate models 30 
(Danabasoglu et al., 2010; Jackson et al., 2008b; Legg et al., 2009). 31 
 32 
Ocean model formulation and experimental protocols  33 
As reviewed by (Griffies et al., 2000; Griffies et al., 2009b), a fundamental choice affecting ocean model 34 
architecture and parameterisations involves the vertical coordinate. There are broadly two classes of vertical 35 
coordinate used for AR5 ocean climate models: geopotential level models and isopycnal or hybrid layer 36 
models. The layered models are used in a minority of climate models, though advances have been made to 37 
develop this approach beyond that in AR4 (Megann et al., 2010). Work on the complementary issues of 38 
horizontal gridding, such as finite element approaches, remain untested in current coupled climate 39 
applications, although some work is underway using ice-ocean component models (Danilov, 2011). 40 
 41 
The Boussinesq approximation is commonly used by ocean models, in which the fluid kinematics are based 42 
on volume rather than mass conservation. The calculation of global mean sea level in Boussinesq models 43 
requires an adjustment to account for missing non-Boussinesq steric effects (Greatbatch, 1994; Griffies, 44 
2011). In some ocean models, the liquid ocean is closed to the exchange of matter with other climate 45 
components, thus necessitating the use of unphysical virtual tracer fluxes (e.g., virtual salt fluxes) to partially 46 
account for this transfer. This approach, which has been criticized for its unphysical nature and potential to 47 
expose simulations to spurious feedbacks (Griffies et al., 2001; Griffies et al., 2005; Huang, 1993; Yin et al., 48 
2010b), is increasingly being abandoned in favour of natural boundary conditions that allow water to cross 49 
the ocean surface. This transport can become especially important with advances in river models allowing 50 
for varying concentrations of biogeochemical tracers. The mass exchange across the ocean surface also 51 
facilitates the depression of the liquid ocean surface under the influence of sea ice and atmospheric loading. 52 
Many ocean models, however, ignore the impact from such loading, which means they assume a zero mass 53 
sea ice and atmosphere.  54 
 55 
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Benchmarking global ocean-ice climate models is being coordinated (Griffies et al., 2009a) with the 1 
specification of Common Ocean-ice Reference Experiments (COREs). Many groups are making use of this 2 
protocol for developing new model configurations (Danilov, 2011). 3 
 4 
Ocean biogeochemical (OBGC) models 5 
Ocean acidification and the associated decrease in calcification in many marine organisms provides a 6 
negative feedback on atmospheric CO2 (Ridgwell et al., 2007). New-generation OBGC models therefore 7 
include various parameterisations of calcium carbonate (CaCO3) production as function of the saturation 8 
state of seawater with respect to calcite (Gehlen et al., 2007; Ilyina et al., 2009; Ridgwell et al., 2007) or 9 
pCO2 (Heinze, 2004). In addition to calcite, also aragonite – another mineral form of CaCO3 with different 10 
solubility has been included in a OBGC model (Gangsto et al., 2008). On centennial scales, deep-sea 11 
carbonate sediments neutralize atmospheric CO2. A growing number of CMIP5 models include the sediment 12 
carbon reservoir, and progress has been made towards refined sediments representation in the models 13 
(Heinze et al., 2009).  14 
 15 
CMIP5 OBGC models are based on so called NPZD-type models which part marine ecosystems into 16 
nutrients, plankton, zooplankton, and detritus. These models provide us with most likely response of oceanic 17 
CO2 uptake to climate, but are limited by lack of understanding of marine ecosystem dynamics. Some efforts 18 
have been made to include more plankton groups or plankton functional types in the models (PFPs; Le Quere 19 
et al., 2005) with yet uncertain implications for Earth system models. Oceanic uptake of CO2 is variable and 20 
is determined by the interplay between the biogeochemical and physical processes in the ocean. Most CMIP5 21 
models are z-coordinate models; introducing an isopycnic coordinate system has resulted in large variability 22 
in the interior ocean biogeochemical processes (Assmann et al., 2010).  23 
 24 
9.1.3.2.3 Land 25 
Earth's climate is strongly affected by the nature of the land-surface, including the vegetation and soil type 26 
and the amount of water stored on the land as soil moisture, snow and groundwater. For example, it has been 27 
suggested that changes in the state of the land-surface, which in turn changed the energy and water fluxes to 28 
the atmosphere, played an important part in the severity and length of the 2003 European drought (Fischer et 29 
al., 2007a). Vegetation and soils affect the surface albedo, which determines the amount of sunlight absorbed 30 
by the land. The land surface also affects the partitioning of rainfall into evapotranspiration, which cools the 31 
surface and moistens the atmosphere, and runoff, which provides much of our freshwater.  32 
 33 
The land-surface schemes employed in GCMs calculate the fluxes of heat, water, and momentum between 34 
the land and the atmosphere, and update the surface state variables such as soil moisture, soil temperature 35 
and snow-cover, that influence these fluxes. There has been a steady increase in the complexity of land-36 
surface components on GCMs from the first generation soil “bucket” models employed in the 1970s 37 
(Manabe, 1969) to fourth-generation schemes that attempt to model vegetation controls on transpiration 38 
through stomatal pores on their leaves (Cox et al., 1999; Sellers et al., 1996). However, even the more 39 
complex land surface schemes used in the AR4 suffered from obvious simplifications, such as the need to 40 
prescribe rather than simulate the vegetation cover, and a tendency to ignore lateral flows of water and sub-41 
gridscale heterogeneity in soil moisture (Pitman, 2003). 42 
 43 
Since the AR4 land-surface model development has focused on overcoming these limitations. A number of 44 
climate modelling groups now include some representation of sub-gridscale hydrology (Gedney and Cox, 45 
2003; Oleson et al., 2008b) and most also include a large-scale river network model to route runoff to the 46 
appropriate ocean outflow points (Oki et al., 1999). In addition, more land-surface schemes now couple to a 47 
Dynamic Global Vegetation Model (DGVM), so that vegetation cover can be changed interactively in 48 
response to changes in climate, and atmospheric CO2 (Cramer et al., 2001; Sitch et al., 2008), and in some 49 
cases also changes in the nitrogen cycle (Thornton et al., 2009; Zaehle et al., 2010a), near-surface ozone 50 
(Sitch et al., 2007) and diffuse light (Mercado et al., 2009a). 51 
 52 
The evaluation of land-surface schemes is in principle more straightforward than for other components of 53 
climate models, because they can be tested easily in “standalone” or “offline” mode. The meteorological data 54 
required to drive land models is generally available and there is a growing amount of data for validation from 55 
flux towers (Baldocchi et al., 2001) and Earth Observation. International initiatives are now underway to 56 
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develop benchmarking tools for land-surface models based on these copious observations (Randerson et al., 1 
2009). 2 
 3 
9.1.3.2.4 Ice 4 
Most large-scale, physical sea ice processes are well understood and well represented in models; for 5 
example, the basic thermodynamic description has been available for 40 years (Maykut and Untersteiner, 6 
1971). Likewise, a relatively straightforward representation of sea ice dynamics is nearly 35 years old 7 
(Hibler, 1979) and something like this is now included in most modern climate models. These 8 
thermodynamic and dynamic models capture the first-order behaviour of sea ice in the climate system. Since 9 
the AR4, progress in improving sea-ice components in climate models has apparently slowed down. Sea ice 10 
model development now follows two paths, both arguably addressing higher-order effects: (1) more precise 11 
descriptions of physical processes and characteristics such as microstructure evolution and anisotropy, and 12 
(2) extensions of the model for “Earth system” simulations, for example by including biological and 13 
chemical species. 14 
 15 
The Arctic and Antarctic sea ice packs are mixtures of open water, thin first-year ice, thicker multiyear ice, 16 
and thick pressure ridges. An essential aspect of sea ice thermodynamics is the variation of growth and 17 
melting rates for different ice thicknesses. Thin ice grows and melts more quickly than does thicker ice. 18 
Similarly, thinner ice is more likely to undergo mechanical deformation than thicker ice. Most early sea ice 19 
models neglected sub-grid-scale thickness variations, but many models now include some representation of 20 
the thickness distribution within a model grid cell, and an energy based description of mechanical 21 
redistribution that converts thinner ice to thicker ice under convergence and shear. 22 
 23 
One of the difficulties in evaluating the sea-ice component of a climate model is that errors arise from not 24 
only the sea-ice component itself, but also from errors in the atmosphere above and the ocean below (e.g., 25 
(Bitz et al., 2002), and, because of the strong ice-albedo feedback, these errors are amplified. 26 
 27 
Sea ice dynamics 28 
Many climate models currently employ some version of the nonlinear viscous-plastic (VP) constitutive law 29 
proposed by Hibler (1979) to represent the internal ice stresses that arise from deformation. A variant of this 30 
scheme developed by (Hunke and Dukowicz, 1997) adds elastic behaviour (so called EVP model), thus 31 
permitting a fully explicit implementation with an acceptably long time step. This version has been 32 
implemented in many climate models. The recent Jacobian-Free Newton-Krylov approach (Lemieux et al., 33 
2010) promises computationally efficient VP solutions for AOGCMs. 34 
 35 
In most models, ice area fraction, volume, energy, and snow volume and energy are advected horizontally. In 36 
addition, there may be equations describing the transport of tracers such as biogeochemical inclusions. As in 37 
other model components, details of the advection scheme become particularly important when there are large 38 
spatial gradients and when certain physical constraints (such as positive-definiteness) must be respected. 39 
New approaches include more accurate , nearly monotonic schemes for conserved fields (e.g., ice area and 40 
volume), but not for tracers, e.g., Vancoppenolle et al., (2009b). The second-order-accurate incremental 41 
remapping scheme (Lipscomb and Hunke, 2004) projects model grid cells backward in time along 42 
Lagrangian trajectories, preserving monotonicity when the field gradients are limited appropriately, although 43 
this may reduce the accuracy locally. 44 
 45 
Sea ice thermodynamics 46 
Sea ice albedo has long been recognized as a critical aspect of the global heat balance. The average surface 47 
albedo on the scale of a climate model grid cell is (as on land) the result of a mixture of surface types: bare 48 
ice, melting ice, snow-covered ice, open water, etc. The parameterisation of surface albedo remains uncertain 49 
and is often tuned to produce a realistic simulation of sea ice extent, compensating for deficiencies in both 50 
atmosphere and ocean forcing, e.g., (Losch et al., 2011). Many sea ice models still use a relatively simple 51 
albedo parameterisation that specifies four albedo values: cold snow; warm, melting snow; cold, bare ice; 52 
and warm, melting ice. Other models use more complex formulations that take into account the ice and snow 53 
thickness, spectral band, and other parameters. Solar radiation may be distributed within the ice column 54 
assuming exponential decay (Beer's Law) or via a multiple-scattering radiative-transfer scheme (Briegleb 55 
and Light, 2007), in which absorptive effects of melt ponds and inclusions such as dust and algae can be 56 
simulated. 57 
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 1 
In the sea-ice component of many climate models, the sea ice salinity is assumed fixed and it is used in the 2 
calculation of fresh water and salt exchanges at the ice-ocean interface. Some models allow the value to vary 3 
in time (Schramm et al., 1997), while others assume a salinity profile that is constant in time, e.g., (Bitz and 4 
Lipscomb, 1999). For LIM3, Vancoppenolle et al. (2009a) developed a simplified approach to simulate the 5 
desalination of Arctic sea ice as it grows and then transitions from first-year to multi-year ice.  6 
 7 
Another new thrust in climate modelling is the inclusion of biogeochemistry, which in sea ice depends 8 
critically on the ice microstructure and salinity profile. Related work involves the vertical transport and 9 
cycling of quantities such as aerosols (Bailey et al., 2010) and gases (Nomura et al., 2010) that pass 10 
gradually through the ice and can modify oceanic or atmospheric chemistry. These inclusions interact with 11 
sea ice through radiative transfer and other physical processes such as flushing by melt water. 12 
 13 
Melt ponds form in depressions on the surface of the ice and can drain through interconnected brine channels 14 
when the ice becomes warm and permeable. This flushing can effectively clean the ice of salt, nutrients, and 15 
other inclusions, which affect the albedo, conductivity, and biogeochemical processes and thereby play a role 16 
in climate change. There are several schemes for modelling the ponds that form on the surface of melting sea 17 
ice. The simplest and most widely used method does not involve tracking melt water, but rather decreases 18 
the ice surface albedo under warm, melting conditions, e.g., (Vancoppenolle et al., 2009b). A second method 19 
tracks melt-pond area and volume for each ice thickness category, but applies those quantities only for 20 
radiative calculations using the Delta-Eddington multiple-scattering scheme (CCSM4, reference needed). 21 
These methods simulate the critical radiative effect of melt ponds, but not their hydrological influence (e.g., 22 
the delay of internal ice cooling as ponds refreeze in the fall). More realistic melt pond schemes are under 23 
development. 24 
 25 
9.1.3.3 New Components and Couplings: Biogeochemical Feedbacks and the Emergence of Earth System 26 

Modelling  27 
 28 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 29 
 30 
9.1.3.3.1 Widespread development of Earth system models 31 
In order to project the coupled evolution of the Earth’s physical climate, chemistry, and biogeochemistry, 32 
many traditional AOGCMs employed in the AR4 have been enhanced and transformed into Earth System 33 
Models (ESMs). Since AOGCMs generally do not incorporate the requisite chemical and biogeochemical 34 
cycles, the concentrations of long-lived greenhouse gases (LLGHGs) and other radiatively active species are 35 
prescribed from offline sources. The conceptual issue with prescribing concentrations is that the physical 36 
climate controls the natural sources and sinks of CO2 and CH4, the two most important LLGHGs. The 37 
omission of internally-consistent feedbacks between the physical, chemical, and biogeochemical processes in 38 
the climate system is an inherent feature of AOGCMs forced with prescribed concentrations. The 39 
enhancements in ESMs make it possible to simulate the evolution of radiatively active species based upon 40 
their emissions from natural and anthropogenic sources together with their interactions with the rest of the 41 
Earth system, or alternatively, to diagnose these sources (with feedbacks included) in simulations with 42 
specified concentrations. Given the large natural sources and sinks of CO2 relative to its anthropogenic 43 
emissions, and given the primacy of CO2 among anthropogenic GHGs, one of the most important 44 
enhancements is the addition of terrestrial and oceanic carbon cycles. These cycles have been incorporated 45 
into many models (Christian et al., 2010; Tjiputra et al., 2010) used to study the long-term evolution of the 46 
coupled Earth system under anthropogenic climate change (Schurgers et al., 2008).  47 
 48 
9.1.3.3.2 Aerosols 49 
The treatment of aerosols has advanced since the AR4. Several ESMs are currently capable of simulating the 50 
mass, number, size distribution, and mixing state of interacting multicomponent aerosols (Bauer et al., 2008). 51 
The incorporation of more physically complete representations of aerosols often improves the simulated 52 
climate under historical and present-day conditions, including the mean pattern and interannual variability in 53 
continental rainfall (Rotstayn et al., 2010). 54 
 55 
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9.1.3.3.3 Methane cycle and permafrost 1 
In addition to prognostic carbon cycles, an increasing number of ESMs are also incorporating methane 2 
cycles to quantify the feedbacks from changes in these cycles due to a warmer climate. The possibility that 3 
human-induced warming might cause permafrost to melt and release some of the stored carbon stocks in the 4 
form of methane has prompted further extensions to ESMs to treat these processes. Several models now 5 
include representations of permafrost distributions and processes (Khvorostyanov et al., 2008a) that facilitate 6 
simulations of the evolution of the permafrost carbon stock in warmer climates (Khvorostyanov et al., 7 
2008b). In several of the current generation of ESMs (Volodin et al., 2010), the emissions of methane from 8 
permafrost and from other natural and anthropogenic sources are integrated with representations of the 9 
terrestrial and oceanic methane cycles (Volodin, 2008a). 10 
  11 
9.1.3.3.4 Dynamic global vegetation models and wildland fires 12 
One of the potentially more significant effects of climate change is the alteration of the distribution, 13 
speciation and life cycle of vegetated ecosystems. In order to include these effects in projections of climate 14 
change, several dynamic global vegetation models (DGVMs) have been developed and deployed in 15 
AOGCMs and ESMs (Ostle et al., 2009). The DGVMs can simulate the interactions among natural and 16 
anthropogenic drivers of global warming, the state of terrestrial ecosystems, and ecological feedbacks on 17 
further climate change. The incorporation of DGVMs has required considerable enhancement and 18 
improvement in coupled models to produce stable and realistic distributions of flora (Oleson et al., 2008b). 19 
The improvements include better treatments of surface, subsurface, and soil hydrological processes, the 20 
exchange of water with the atmosphere, and the discharge of water into rivers and streams. While the first 21 
DGVMs have been primarily coupled to the carbon cycle, the current generation of DGVMs are being 22 
extended to predict the ecological sources and sinks of other non-CO2 trace gases including CH4, N2O, 23 
biogenic volatile organic compounds (BVOCs), and nitrogen oxides collectively known as NOx (Arneth et 24 
al., 2010). BVOCs and NOx can alter the lifetime of some GHGs and act as precursors for secondary organic 25 
aerosols (SOAs) and ozone. Disturbance of the natural landscape by fire has significant climatic effects 26 
through its impact on vegetation and air quality and through its emissions of greenhouse gases, aerosols, and 27 
aerosol precursors. Since the frequency of wildland fires increases rapidly with increases in ambient 28 
temperature, the effects of fires are projected to grow over the 21st century. The interactions of fires with the 29 
rest of the climate system are now being introduced into ESMs (Pechony and Shindell, 2009). 30 
  31 
9.1.3.3.5 Land-use / land-cover change 32 
The impacts of land-use and land-cover change (LULCC) on the environment and climate are explicitly 33 
included as part of the representative concentration pathways (RCPs) used for climate projections to be 34 
assessed in later chapters (Moss et al., 2010). Several important types of LULCC include effects of 35 
agriculture and changing agricultural practices, including the potential for widespread introduction of biofuel 36 
crops; the management of forests for preservation, wood harvest, and production of woody biofuel stock; and 37 
the global trends toward greater urbanization. ESMs include increasingly detailed treatments of crops and 38 
their interaction with the landscape (Smith et al., 2010b; Smith et al., 2010c), forest management (Bellassen 39 
et al., 2010; Bellassen et al., 2011), and the interactions between urban areas and the surrounding climate 40 
systems (Oleson et al., 2008a). 41 
 42 
9.1.3.3.6 Chemistry-climate models  43 
Stratospheric cooling and ozone recovery projected for the 21st century may affect the entire climate system, 44 
including the positions of the subtropical jets, atmospheric temperatures over Antarctica, and the strength of 45 
the Brewer-Dobson circulation (Butchart et al., 2010; CCMVal, 2010; Son et al., 2008; Son et al., 2010; 46 
WMO, 2011). Chemistry-climate model (CCM) simulations of stratospheric ozone and related climate 47 
effects have been examined for common features through multi-model intercomparisons such as the first and 48 
second rounds of the CCM Validation (CCMVal) activity (CCMVal, 2010; Eyring et al., 2007; Son et al., 49 
2008). CCMs are three-dimensional atmospheric circulation models with fully coupled chemistry, i.e., where 50 
chemical reactions drive changes in atmospheric composition which in turn change the atmospheric radiative 51 
balance and hence dynamics. In general, these models have been operated with prescribed sea surface 52 
temperatures and sea ice concentrations rather than a coupled interactive ocean due to the computational 53 
expense of the reactive chemistry and the extension of the vertical domain through the stratosphere to the 54 
middle and upper atmosphere. Several of the chemistry-climate models evaluated in CCMVal (e.g., Richter 55 
et al., 2008) have been incorporated into ESMs (Scinocca et al., 2008). Important chemistry-climate 56 
interactions have also been identified in tropospheric ozone projections for the 21st century. For example, 57 
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tropospheric ozone may increase due to positive climate feedbacks such as an increased influx from the 1 
stratosphere, which then increases radiative forcing and thus impacts on climate. Several models currently 2 
simulate tropospheric chemistry interactively [tbc] , and those that include tropospheric and stratospheric 3 
chemistry can be used for internally consistent simulations of the interactions among stratospheric cooling, 4 
ozone recovery, and the rest of the climate system (Jöckel et al., 2006; Lamarque et al., 2011).  5 
 6 
9.1.3.3.7 High-top/low-top global models 7 
It is now widely accepted that in addition to the well-known effect that tropospheric circulation and climate 8 
change influence the stratosphere (Butchart et al., 2010; Eyring et al., 2010b; SPARC-CCMVal, 2010), 9 
stratospheric dynamics can in turn influence the tropospheric circulation (Arblaster and Meehl, 2006; 10 
Baldwin and Dunkerton, 2001; Bell et al., 2009; Cagnazzo and Manzini, 2009; Charlton et al., 2004; Ineson 11 
and Scaife, 2009; Shaw and Perlwitz, 2010). To reduce uncertainties in the representation of climate 12 
variability on seasonal to multi-decadal timescales and to improve the representation of the upper 13 
troposphere, many of the climate models participating in CMIP3 have been further developed to include a 14 
fully resolved stratosphere with a model top above the stratopause. The subset of X models that performed 15 
the CMIP5 models with these so-called high-top models allows a multi-model comparison to the standard set 16 
of low-top models with a model top in the middle stratosphere. The differences in climate variability and 17 
impact on surface climate between these two classes have been explored in a variety of studies [references 18 
needed to synthesis papers on high top / low top comparison, including Charlton-Perez et al. and Manzini et 19 
al., in preparation] and are assessed in the subsequent Sections and in Chapter 10. 20 
 21 
9.1.3.3.8 Land ice sheets 22 
The amount melt water that could be released from the Greenland and Antarctic ice sheets in response to 23 
climatic change remains a major source of uncertainty in projections of sea-level rise. As recently as the 24 
AR4, the long-term response of these ice sheets to alterations in the surrounding atmosphere and ocean has 25 
been simulated using offline models. Several ESMs currently include ice-sheet component models coupled 26 
to the rest of the climate system (Vizcaino et al., 2008), and idealized experiments suggest that the coupling 27 
causes accelerated melting of the Greenland ice sheet compared to passive coupling used in prior studies 28 
(Vizcaino et al., 2010). 29 
 30 
9.1.3.3.9 New features in ocean-atmosphere coupling  31 
Several new features have arisen in the coupling between the ocean and the atmosphere since AR4. The bulk 32 
formulae used to compute the turbulent fluxes of heat, water, and momentum at the air-sea interface have 33 
been revised. A number of groups now consider the surface current when calculating surface wind shear and 34 
hence wind stress (e.g., Jungclaus et al., 2006; Luo et al., 2005). The coupling frequency has been increased 35 
to include the diurnal cycle, which was shown to improve SST bias in the tropical Pacific (Bernie et al., 36 
2008; Ham et al., 2010a). Several models now represent the coupling between the penetration of the solar 37 
radiation into the ocean and light-absorbing chlorophyll, with some implications on the representation of the 38 
mean climate and climate variability (Wetzel et al., 2006). This coupling is achieved either by prescribing 39 
the chlorophyll distribution from observations [examples of CMIP5 models to be included here], or by 40 
computing the chlorophyll distribution with an ocean biogeochemical model [examples of CMIP5 models to 41 
be included]. In the latter case there is a feedback between the solar radiation and the upper ocean 42 
characteristics that has an impact on the mean state and interannual variability in the Pacific (Lengaigne et 43 
al., 2007) or that modifies the seasonal melting on sea ice and the hydrological cycle of the Arctic 44 
(Lengaigne et al., 2009).  45 
 46 
9.1.3.4 Resolution 47 
 48 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 49 
 50 
9.1.3.4.1 Resolution of AOGCMs 51 
Improved resolution in climate models (i.e., adopting a finer grid in the modelled atmosphere, ocean and 52 
other components) is expected to improve some aspects of model performance. Generally, improved 53 
resolution bases an increased portion of simulated processes on known equations, which is expected to lead 54 
to better representation of finer scale structures, such as atmospheric and oceanic eddies and vertical 55 
stratifications, as well as effects of finer scale topography, land-sea distribution and land cover. However, 56 
because of uncertainties in parameterisations and the way in which they scale with resolution, expected 57 



Zero Order Draft Chapter 9 IPCC WGI Fifth Assessment Report 

Do Not Cite, Quote or Distribute 9-17 Total pages: 137 

improvements are not always realized. Recent findings on the impacts of refined resolution on model 1 
performance are assessed in Section 9.6.3.3. 2 
 3 
The typical horizontal resolution for current AOGCMs and ESMs is roughly 1 to 2 degrees for the 4 
atmospheric component and around 1 degree for the ocean. Associated with increases in computational 5 
capacity, there has been some modest increase in model resolution since the AR4, especially for the near-6 
term simulations (e.g., around 0.5 degree for the atmosphere in some cases). On the other hand, for the 7 
models used for the long-term simulations with interactive biogeochemistry, the resolution has not increased 8 
significantly due to the trade-off against higher complexity in such models.  9 
 10 
Advancement in computational capacity enables models to be run at ever higher resolution. This may lead to 11 
a stepwise, rather than incremental, improvement in model performance. (e.g., Roberts et al., 2004; Shaffrey 12 
et al., 2009; [references to be added]). For example, oceanic models undergo a transition from laminar to 13 
turbulent when the computational grid contains more than one or two grid points per first baroclinic Rossby 14 
radius (i.e., finer than 50 km at low latitudes and 10 km at high latitudes) (Smith et al., 2000; McWilliams et 15 
al., 2008). Such mesoscale eddy permitting ocean models better capture the large amount of energy 16 
contained in the ocean mesoscale, including fronts, boundary currents, and time dependent eddy features 17 
(e.g., McClean et al. 2006). Models run at such resolution have been used for simulations of climate time-18 
scales (decadal to centennial) and found to be promising, though much work remains before they are as 19 
mature as the coarser models currently in general use (Bryan et al., 2007; Bryan et al., 2010; Farneti et al., 20 
2010; McClean et al., 2011, accepted in Ocean Modelling; Delworth et al., 2011, in preparation).  21 
 22 
Similarly, atmospheric models with grids that allow the explicit representation of convective cloud systems 23 
(i.e., finer than a few km) avoid employing a convective cloud parameterisation, which has long been a 24 
source of uncertainty in climate modelling. For example, Miura et al. (2007) demonstrated that a Madden-25 
Julian oscillation event, which is generally difficult to be realistically represented in current generation 26 
AOGCMs, is simulated well in a global cloud-system-permitting (3.5 km resolution) AGCM. However, this 27 
kind of simulation is limited to short simulations (typically up to a month) and not coupled with a dynamic 28 
ocean model, given current computational capacity. Moreover, a cloud-system-permitting model still 29 
depends on parameterisations for cloud microphysics and moist turbulence. Thus, a practical application of 30 
this kind of simulation for climate timescales requires further computational and scientific advancement.  31 
 32 
9.1.3.4.2 Downscaling methods 33 
Regional climate models share many of the same model resolution issues with global climate models. As a 34 
rule, regional climate models typically employ higher resolution than global climate models. Resolution 35 
increases tend to occur in parallel in regional and global models, so this relationship persists. Since the AR4, 36 
typical regional climate model resolution has increased from around 50 km to around 25 km (e.g., 37 
Christensen et al., 2010). Also, resolutions around 10 km are being increasingly considered (e.g., van 38 
Roosmalen et al., 2010), and some RCMs are run on yet higher resolution (e.g., Kanada et al., 2008).  39 
 40 
Higher RCM resolution facilitates the representation of spatial and temporal detail. The representation of 41 
larger-scale features, however, may not be affected, when these are already skilfully represented in the global 42 
models (Sanchez-Gomez et al., 2009). However, increasing resolution in regional downscaling may cause 43 
some degradation of area means owing, for example, to errors in sub-grid-scale parameterisations. Benefits 44 
of higher resolution may be expected for regions characterised by variable topography, as well as for 45 
extremes in general. Indeed, positive effects of higher RCM resolution have been noted for, e.g., convective 46 
precipitation (Rauscher et al., 2010), near-surface temperature and wind (Kanamaru and Kanamitsu, 2007). 47 
There may be diminishing returns, however, as Rojas (2006) noted more improvement when increasing 48 
RCM resolution from 135 km to 45 km that when going from 45 km to 15 km, despite the very variable 49 
regional topography in the domain. (Woollings et al., 2010c) investigated the effect of different spatial and 50 
temporal resolution of Atlantic SST used as boundary conditions in an RCM. They found that a higher 51 
spatial resolution improved the simulation Atlantic storm tracks, but that a higher temporal resolution led to 52 
some degradation. Indeed, the quality of boundary conditions is a fundamental aspect in evaluation of 53 
downscaling methods. With regards to climate projections, improvements in AOGCMs that provide 54 
boundary conditions are fundamental for the resulting downscaling results. 55 
 56 
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As in the case of AOGCMs, care needs to be taken to develop physical parameterisations alongside 1 
increasing model resolution. Another shared feature with AOGCMs is the unavoidable trade-off between 2 
higher resolution, model complexity and the extent of simulations to be made, due to computing resource 3 
constraints. A further difficulty is that data limitations can impact the development and evaluation of RCMs 4 
due to the relative sparseness of observational networks in many regions. This has consequences for 5 
evaluating high resolution model results on the daily scale as well as for extremes (Hofstra et al., 2010). 6 
 7 
9.2 Techniques for Assessing Model Performance  8 
 9 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 10 
 11 
9.2.1 Objectives and Limitations  12 
 13 
Systematic evaluation of models through comparisons with observations is a prerequisite to understanding 14 
and improving the representation of physical and biogeochemical processes and feedbacks. Such evaluation 15 
also encompasses the identification and interpretation of the spread in state-of-the-art model simulations. 16 
Uncertainties in climate projections arises from internal variability, model uncertainty, and scenario 17 
uncertainty (Hawkins and Sutton, 2009). The objective of climate model evaluation is to improve 18 
understanding of their strengths and weaknesses and to quantify improvements over time. An evaluation of 19 
the models with respect to how well they represent historical and present-day climate can also be used to 20 
guide the assessment of climate projections and their credibility (see Section 9.7). 21 
 22 
In the AR4, the evaluation of climate models was mainly done qualitatively by applying different kinds of 23 
diagnostics (e.g., time series or spatial maps) to compare simulated and observed fields. Since the AR4, 24 
performance metrics, which are statistical measures of agreement between a simulated and observed quantity 25 
(or covariability between quantities), have been extensively used. Performance metrics derived from a 26 
variety of observationally-based diagnostics can provide an objective synthesis and visualization of model 27 
performance (Cadule et al., 2010; Gleckler et al., 2008; Pincus et al., 2008b; Waugh and Eyring, 2008) and 28 
enable a quantitative assessment of model improvements, both for different versions of individual models 29 
and for community-wide collections used in international assessments (e.g., CMIP2 versus CMIP3, (Reichler 30 
and Kim, 2008a)). These metrics can also be used to explore the value of weighting projections based on 31 
model performance, although for this purpose the need for process-oriented evaluation, especially for those 32 
processes that are related to known feedbacks, has also been emphasized since the AR4 (Knutti et al., 33 
2010b).  34 
 35 
Despite these develoments, quantitative assessment of climate model skill is still limited for a number of 36 
reasons. Unlike weather prediction models, which can be routinely tested, the evaluation of climate models is 37 
more difficult because evaluation is required across a range of much longer time scales. Climate model 38 
evaluation therefore requires the availability of long-term, consistent, error-characterized global and regional 39 
Earth observations (satellite and in situ) as well as accurate globally gridded reanalyses in the atmosphere, 40 
the ocean, or, ultimately, the coupled system. Since the AR4, the Earth Observation community has 41 
undertaken a large effort to develop consistent error-characterized data sets of selected Essential Climate 42 
Variables (ECVs, [reference needed]), which has increased the potential for evaluating Earth system models. 43 
Observational uncertainty can be included in model evaluation either by accounting for error estimates 44 
provided with the observational data set, or by using more than one data set. The latter is a more common 45 
approach because many observational datasets still do not supply formal error estimates, but where multiple 46 
estimates exist they often incorporate the same underlying measurments and therefore are not truly 47 
independent. Finally, the lack of long-term observations, observations for process-oriented model evaluation 48 
and observations in particular regions (e.g., polar areas, the upper troposphere / lower stratosphere (UTLS), 49 
and the deep ocean) is impeding progress. 50 
 51 
9.2.2 New Developments in Model Evaluation Aapproaches 52 
 53 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 54 
 55 
9.2.2.1 Evaluating the Overall Model Results 56 
 57 
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The most straightforward approach to evaluate models is to compare overall simulated fields (e.g., global 1 
distributions of temperature, precipitation etc.) with corresponding observations. For a quantitative 2 
comparison, several studies have applied statistical measures (e.g., root-mean square error, centred and 3 
uncentred pattern correlations, M statistic, averages of some statistics) of overall model performance (overall 4 
metrics) compared with observed climatology, trend or variability (Abe et al., 2009; Annan and Hargreaves, 5 
2010; Giorgi and Coppola, 2010; Gleckler et al., 2008; Knutti et al., 2010a; Raisanen et al., 2010; Reichler 6 
and Kim, 2008b; Whetton et al., 2007). Many of these studies have also tested, through statistical analyses of 7 
metrics across models in an ensemble, whether the performance of a model in reproducing current or past 8 
climate is related to the behaviour of the model in projecting future climate. They have found that such 9 
relations between metrics of overall performance and projections are generally weak in the global and sub-10 
continental scales (Abe et al., 2009; Giorgi and Coppola, 2010; Knutti et al., 2010a; Raisanen et al., 2010; 11 
Whetton et al., 2007). Furthermore, different overall metrics produce different rankings of models (Gleckler 12 
et al., 2008). These findings suggest the need for more process-oriented, rather than overall, metrics for 13 
evaluating the credibility of modelled future projections. 14 
 15 
Statistical techniques have also been applied to evaluate characteristics of a whole ensemble of models, 16 
instead of individual models in an ensemble. If each model is a random and independent sample from a 17 
distribution of possible models centred on the observations, the errors in the ensemble average are expected 18 
to converge to near zero as the ensemble size increases. Knutti et al. (2010a) have tested this hypothesis for 19 
the CMIP3 ensemble and found that the reduction of biases by averaging is slower than that expected, 20 
suggesting that there are some common biases across models. By contrast, Annan and Hargreaves (2010) 21 
showed that the biases in the ensemble mean converges to a value greater than zero as the ensemble size 22 
increases, based on a different statistical paradigm that the truth and ensemble members are drawn from the 23 
same distribution. 24 
 25 
9.2.2.2 Isolating Processes 26 
 27 
As discussed in Section 9.1.3.1 modern climate models heavily rely on conceptual models of the processes 28 
represented in them. It is therefore necessary to evaluate the representation of those key processes both in the 29 
context of the full model, but also in isolation. A number of evaluation-techniques to achieve this “process-30 
isolation” have been developed.  31 
 32 
One major stream of studies involves the so-called “regime-oriented” approach to process-evaluation. 33 
Instead of averaging model results in time (e.g., seasonal averages) or space (e.g., global averages), the 34 
results are averaged within categories that describe physically important regimes of the system under study. 35 
Different types of regime-identification have been developed and applied to the evaluation of processes in 36 
climate models since AR4, such as the use of circulation regimes (Bellucci et al., 2010; Bony and Dufresne, 37 
2005; Brown et al., 2010b) or cloud regimes (Chen and Del Genio, 2009; Williams and Webb, 2009; 38 
Williams and Brooks, 2008). The importance of the regime-oriented approach lies in its ability to isolate 39 
which processes might be responsible for errors identified in the more classical approaches described in 40 
Section 9.2.2.1, and for assisting in the selection of the key processes for further analysis using even more in-41 
depth process studies (Jakob, 2010). 42 
 43 
As the representation of processes underpins climate models (see Section 9.1.3.1) a wide range of in-depth 44 
process studies is regularly carried out to evaluate and improve the process representations in all model 45 
components. These studies are facilitated through the removal of model components or process descriptions 46 
from the host-model and the use of off-line simulations, or through the use of initial value techniques (see 47 
Sections 9.2.2.5 and 9.6.3.1). The results of such simulations are compared to process measurements from 48 
detailed field studies or to results from more sophisticated process models (Randall et al., 2003b). Numerous 49 
new important process-related data sets to support such evaluations have been collected since the AR4 50 
(Illingworth et al., 2007; May et al., 2008; Moncrieff et al., 2011; Redelsperger et al., 2006; Verlinde et al., 51 
2007) and have been applied to the evaluation of climate model processes (Boone et al., 2009; Boyle and 52 
Klein, 2010; Hourdin et al., 2010; Xie et al., 2008). These types of studies are of utmost importance to test 53 
the realism of the process formulations that ultimately underpin the global model simulations evaluated in 54 
this chapter.  55 
 56 
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[PLACEHOLDER FOR FIRST ORDER DRAFT: More YOTC results, CINDY/DYNAMO, others; more 1 
examples for land and ocean to be added.]  2 
 3 
9.2.2.3 Instrument Simulators 4 
 5 
Satellites provide nearly global coverage, sampling all meteorological conditions. This makes them powerful 6 
tools for model evaluation. The geophysical properties retrieved from inverse modelling applied to the raw 7 
observations (radiances) are called retrievals (Stephens and Kummerow, 2007). Satellite retrievals have been 8 
used in numerous studies to analyse the performance of clouds and precipitation in GCMs (Allan et al., 9 
2007; Gleckler et al., 2008; Pincus et al., 2008b) but the quantitative analysis of these comparisons is 10 
difficult. Modelled and retrieved variables are not consistently defined (e.g., total cloudiness), satellite 11 
sensors have limitations (e.g., finite sensitivity, fixed viewing geometry), and the retrievals involve various 12 
assumptions to make the inversion problem tractable. All these factors introduce inconsistencies between the 13 
retrievals and the model variables. 14 
 15 
Satellite instrument simulators are pieces of software applied to model outputs that mimic the observational 16 
process with the aim of bringing models and observations onto the same ground to facilitate more direct 17 
comparisons. Until recently, the simulator approach has focused on the simulation of ISCCP products (Klein 18 
and Jakob, 1999; Webb et al., 2001; Yu et al., 1996). Since AR4, simulators for other instruments have been 19 
developed and applied to models: passive imagers such as MISR (Marchand and Ackerman, 2010) or 20 
MODIS (Pincus et al., 2011), lidars like CALIOP/CALIPSO (Chepfer et al., 2008) and ICEsat (Chepfer et 21 
al., 2007; Wilkinson et al., 2008), the CloudSat radar (Bodas-Salcedo et al., 2008; Haynes et al., 2007; 22 
Masunaga et al., 2008), and the TRMM precipitation radar (Masunaga et al., 2008). The Cloud Feedback 23 
Model Intercomparison Project (CFMIP) community has brought together several of these simulators under 24 
the same interface: the CFMIP Observation Simulator Package (COSP) (Bodas-Salcedo et al., 2011). COSP 25 
includes the following simulators: ISCCP, MISR, MODIS, PARASOL, CALIPSO, and CloudSat. RTTOV 26 
(Saunders et al., 1999) is a fast radiative transfer code that can also be linked to COSP to produce clear-sky 27 
brightness temperatures for many different channels of past and current infrared and passive microwave 28 
radiometers. In addition to model evaluation, satellite simulators are used for other purposes like algorithm 29 
development (Masunaga et al., 2010). [Acronyms to be defined.] 30 
 31 
The simulator approach has been used not only for the evaluation of clouds and precipitation, but also for 32 
other variables like upper tropospheric humidity by using the 6.7 micron infrared channel (Allan et al., 2003; 33 
Brogniez et al., 2005; Iacono et al., 2003; Ringer et al., 2003; Zhang et al., 2008) and the 183.31+/-1GHz 34 
microwave channel (Bodas-Salcedo et al., 2011; Brogniez and Pierrehumbert, 2007).  35 
 36 
9.2.2.4 Paleoclimate Studies 37 
 38 
Past climates offer a wide range of climate fluctuations that can be used to test the model response to 39 
different forcing (see Chapter 5); however this can be achieved only for periods with sufficient data 40 
coverage. Such data sets have been developed during the past 25 years for the Last Glacial Maximum (21000 41 
years BP) and the mid-Holocene (6000 years BP), as part of the global ocean reconstruction from marine 42 
data (CLIMAP, 1981; Waelbroeck et al., 2009) and of the Biome 6000 project (Prentice et al., 1998) over 43 
land.  44 
 45 
Paleo proxies, such as pollen or δ18O in ice cores, are indirect measurements of climatic conditions (see 46 
Chapter 5). Two types of approach are found in the literature to test model results. The indirect method 47 
consists of transforming the proxy records into climate variables allowing for direct comparison with model 48 
outputs. It is important in this case to consider climate variables that best characterize the major fluctuations 49 
of the proxy indicator. For example, the temperature of the coldest month or cumulative growing degree days 50 
are preferred to winter and summer temperature when comparing model outputs to estimates based on pollen 51 
records (Bartlein et al. in press ). Recent work on marine proxies suggests that, depending on the region, the 52 
same proxy is not necessarily dominated by the same aspects of climate (seasonality, annual mean) 53 
(Jungclaus et al., 2010). In addition, different proxies record different local histories which must also to be 54 
accounted for in model-data comparisons (Leduc et al., 2010). Specific filters can be developed to facilitate 55 
comparison of model results with data.  56 
 57 
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The direct method or forward modelling approach consists of simulating the proxy indicators. This can be 1 
done by using either a specific off-line model, or the inclusion of specific processes in the new generation of 2 
ESMs. For example, in the 1990s, biome models were used to simulated biome distribution in equilibrium 3 
with the simulated past climate (Harrison et al., 1998). Some ESMs now include a dynamical vegetation 4 
module in their land surface scheme, so that the simulated vegetation can be directly compared to past 5 
vegetation [references needed]. Solutions have been proposed to consider mega biomes and to transfer 6 
properly the vegetation types that differ from one model to another into a common set of vegetation types 7 
(Harrison and Prentice, 2003). New data sets are also being proposed to test the biogeochemical components 8 
of ESMs looking at dust or fires [references needed]. Also, some models can be run with a representation of 9 
water isotopes which allows direct comparison of the model output with isotopic measurements in different 10 
proxy records (LeGrande et al., 2006). On the marine side there is a growing interest in simulations of ocean 11 
tracers such as δ13C of δ14C, and of marine biochemistry that can provide more direct comparison with ocean 12 
proxies (Tagliabue et al., 2009).  13 
 14 
The evolution in the estimation of the goodness of fit between model and data follows closely what is done 15 
for present day climate with the use of ensemble simulations, the development of diagnoses that can be 16 
easily applied to a wide range of model outputs, and the use of more complex statistical approaches that 17 
consider the uncertainties in both the climate simulations and the proxy records (Brewer et al., 2007; 18 
Hargreaves, in preparation). 19 
 20 
9.2.2.5 Use of Data Assimilation and Initial Value Techniques 21 
 22 
To be able to forecast the weather a few days ahead, knowledge of the present state of the atmosphere is of 23 
primary importance. Because of this, weather prediction is termed an “initial value” problem. Weather 24 
forecasts can be readily “verified” against subsequent observations a few days later. In contrast, climate 25 
predictions and projections (see Chapter 11) simulate the statistics of weather seasons to centuries in 26 
advance, and the opportunities to “verify” climate predictions and, particularly, multi-decade projections are 27 
limited. But despite their clear differences, both weather predictions and simulations of future climate are 28 
performed with essentially the same atmospheric model components. In the AR4, it was mentioned that 29 
climate models could now be integrated as weather prediction models if they are initialised appropriately 30 
(Phillips et al., 2004). An advantage of testing a model’s ability to predict weather is that some of the sub-31 
grid scale physical processes that are parameterised in models (e.g., cloud formation, convection) can be 32 
evaluated on time scales characteristic of those processes, without the complication of feedbacks from these 33 
processes altering the underlying state of the atmosphere (Boyle et al., 2005; Martin et al., 2010; Pope and 34 
Stratton, 2002; Williamson et al., 2005). Model error remains a major source of uncertainty in climate 35 
predictions, particularly at the regional scale (Hawkins and Sutton, 2009). Importantly, perturbed parameter 36 
ensembles show that climate forecasts are highly sensitive to uncertainties in “fast” weather-related model 37 
physics (Stainforth et al., 2005b). Such studies suggest that there is much to be gained from a unified 38 
weather-climate modelling framework where the routine developments in weather prediction lead implicitly 39 
to better climate models (Martin et al., 2010).  40 
 41 
Prior to each operational forecast, typically several million observations of the atmosphere and surface are 42 
assimilated to produce the initial conditions (or “analysis”) with which the forecast is initialised. The 43 
comparison of model and observations implicit within the data assimilation process provides an important 44 
opportunity to assess the model’s physics. For example, in the absence of observation bias, mean differences 45 
between the background (or “first guess”) forecast and the analysis indicate systematic model error. Such 46 
errors are manifested as erroneous initial tendencies in the forecast (Klinker and Sardeshmukh, 1992). More 47 
recently, data assimilation experiments with a full operational weather forecast model, but at climate model 48 
resolution, have shown that the initial tendency methodology casts doubt on some parameter perturbations 49 
associated with high climate sensitivities (Rodwell and Palmer, 2007). Such approaches avoid many of the 50 
uncertainties in the assessment of a model’s long-term climate associated with interactions, feedbacks, 51 
compensating errors and the reduction in degrees of freedom. Importantly, since these methodologies assess 52 
the realism of model physics, they can be used to produce ‘process metrics’ that complement the ‘circulation 53 
metrics’ (Gleckler et al., 2008) more commonly used within the climate community. 54 
 55 
Ensemble data assimilation provides the opportunity for a more systematic assessment of model error, 56 
including the need for a stochastic physics component. Approaches are being developed and applied to 57 
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simplified models that permit the estimation of optimal model parameters (Koyama and Watanabe, 2010). 1 
Such approaches could provide a less ad-hoc methodology for the construction of a perturbed-parameter 2 
climate model ensemble in future. 3 
 4 
Longer time-scale initial value simulations, such as those for seasons and decades ahead, have also been 5 
shown to have potential as useful tools for climate model evaluation (Palmer et al., 2008). Decadal 6 
prediction in particular holds much promise to apply initial value techniques to the evaluation of ocean 7 
models. The initialisation of the ocean and other slowly-varying features of the climate system has been 8 
shown to increase forecast skill (Smith et al., 2007). However coupled atmosphere-ocean models show great 9 
spread in ocean circulation features such as the strength of the thermohaline circulation. Such model 10 
uncertainty has the potential to increase uncertainty in regional climate predictions. As with atmospheric data 11 
assimilation, it is evident that ocean data assimilation (Balmaseda et al., 2008; Bell et al., 2004) will provide 12 
a useful opportunity for the assessment of ocean processes at their characteristic timescales. 13 
 14 
The assessment of all processes at their characteristic timescales, using data assimilation and initial value 15 
techniques, provides a logical framework for climate model evaluation and development. This approach is 16 
process-oriented and thus complementary to the more traditional circulation-metric assessment of models. 17 
Processes are assessed where observational data is available, but developments in a given process should 18 
lead to global improvements, wherever that particular process is relevant. 19 
 20 
9.2.2.6 Evaluation Techniques for RCMs 21 
 22 
The standard approach to evaluating an RCM is essentially the same as for an AOGCM in that the model 23 
results and observations are directly compared. Owing to their higher resolution, RCM evaluation can take 24 
advantage of the detail available in some high-resolution regional reanalysis product such as the North 25 
American Regional Reanalysis (Mesinger et al., 2006). In addition, direct comparisons to meteorological and 26 
experimental station data can often be made. 27 
 28 
Transferability experiments involve applying an RCM to different region from that for which it was initially 29 
developed. This provides a way of exploring RCM biases which are often the consequence of region-specific 30 
tuning in model parameterisations (Takle et al., 2007). The most common conclusion from RCM 31 
intercomparison studies is that no single model outperforms the others (e.g., (Takle et al., 2007)). While a 32 
model might exhibit good accuracy in one variable for some specific region, it may appear more unreliable 33 
for other variables in the same region or for the same variable in another region. The source of the biases 34 
varies. In some cases, the regional model may simply not have schemes for describing some processes, 35 
which are not important in its home region but very important in other regions. For example, an RCM that 36 
does not have sea ice process may perform well in the tropics but not in the Arctic. In other cases, the biases 37 
may come from tuning some parameters in the model parameterisation schemes to obtain more accurate 38 
simulation of a desired variable over the domain of interest, whereas such tuning may give poor results over 39 
different domains. Transferability experiments can help in exposing model biases and the factors responsible 40 
for them, which in turn serves to increase understanding and lead to better implementations of important 41 
parameterisations in models (Takle et al., 2007; Gbobaniyi, 2010) typical transferability experiment, RCMs 42 
are applied to multiple domains with the model options kept fixed for all domains simulated. A 43 
transferability intercomparison often involves several models that are run in a coordinated set of 44 
transferability experiments where, as much as possible, the same configuration is used (lateral boundary 45 
conditions, domain size and resolution) on a prescribed suite of domains for periods where high temporal 46 
resolution observations are available. Simulations for the first transferability intercomparison project (The 47 
Inter-CSE Transferability study, ICTS) was conducted in 2005 by the Transferability Working Group 48 
(TWG).  49 
 50 
The transferability of an RCM can be assessed in different ways, for example by a direct comparison of the 51 
simulated variables with observations, or by comparing the simulated atmospheric processes (e.g., for the 52 
boundary layer) with observations. Takle et al. (2007) formulated four transferability hypotheses: (i) models 53 
show no superior performance on their domains of origin as evaluated by their accuracy in reproducing the 54 
diurnal cycles of key surface hydrometeorological variables; (ii) for all climatic regions and periods having 55 
convective precipitation during both day and night, alternative parameter settings in convective schemes at a 56 
specific resolution result in changes of intensity and diurnal phasing of precipitation that are correlated; (iii) 57 
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no single domain provides climatic conditions for developing and tuning a regional climate model that result 1 
in measurably better regional climate model performance on all climate domains in the transferability 2 
domain ensemble; and (iv) for all non-monsoon climatic regions experiencing weak large scale forcing, 3 
daytime surface fluxes are correlated with the height of cloud base. Results of RCM evaluation and 4 
transferability studies will be summarized in Section 9.6.3.3]. 5 
 6 
9.2.2.7 Characterization of Model Uncertainty through Ensemble Approaches  7 
 8 
Uncertainty in climate model simulations is a consequence of uncertainties in initial conditions, boundary 9 
conditions, parameter values, and structural uncertainties in the model design (Hawkins and Sutton, 2009; 10 
Knutti et al., 2010a; Tebaldi and Knutti, 2007a). Ensemble methods have been used extensively since the 11 
AR4 to understand the relative contributions of these sources of uncertainty. The methods employed are 12 
generally of two types: Multi-model Ensembles (MME) and Perturbed Physics Ensembles (PPE). The MME 13 
is created by gathering the existing model simulations from major climate modelling centres. The PPE is 14 
developed within the context of a single climate model. The merits of each are distinct and both can 15 
contribute to the model evaluation process.  16 
 17 
Although the emphasis of this assessment is on multi-model evaluation, ensembles constructed within a 18 
single-model framework can be useful for characterizing certain aspects of model uncertainty. Current 19 
methods to assess uncertainty from a single model include generating ensembles by perturbed parameters 20 
and then estimating the ability of each member to match specific observations or constraints. These 21 
ensemble-based methods have been used frequently in simpler models (e.g., simple box models of the energy 22 
balance and carbon cycle and Earth-system Models of Intermediate Complexity (EMICs), (Forest et al., 23 
2006, 2008; Forest et al., 2002b; Knutti and Tomassini, 2008; Sokolov et al., 2009; Stott and Forest, 2007; 24 
Xiao et al., 1998) and are now being applied to more complex models of the atmosphere or the ocean with 25 
higher computational requirements (Brierley et al., 2010a; Collins et al., 2007; Collins et al., 2006a; 26 
Sanderson et al., 2008a; Stainforth et al., 2005a). As a model evaluation tool, ensemble methods are used in a 27 
two-step process involving EMICs and climate change detection statistics to establish probability 28 
distributions for model simulations consistent with historical observations. Model diagnostics (e.g., transient 29 
climate response (TCR)) are first assigned with probabilities (or weights) via a PPE from an EMIC and then 30 
the values of the diagnostics from the multi-model ensemble are assessed in this context. These results are 31 
discussed in Section 9.6.3.4.  32 
 33 
While there is considerable evidence that a multi-model mean generally compares better with observations 34 
for a variety of diagnostics, because model errors tend to cancel (Gleckler et al., 2008; Pierce et al., 2009; 35 
Pincus et al., 2008a; Reichler and Kim, 2008b), the development of ensemble techniques for climate 36 
modelling is an active area of research (see special issue Phil.Trans.A v.365(n.1857) [reference(s) needed]) 37 
that addressed several shortcomings of previous uncertainty assessments. For example, Knutti et al. (2010a) 38 
showed that averaging results from multiple model simulations leads to a loss of signal for precipitation 39 
change because models simulate similar overall patterns but slightly shifted in space. In addition, the 40 
development of climate models has occurred via sharing of specific model components (e.g., MOM ocean 41 
models) and so certain lineages exist at most major modelling centres [examples TBD from Table 9.1]. This 42 
suggests that groups of models share biases, and the assumption of model independence is not correct 43 
(Annan, 2011; Masson and Knutti, 2011). The effective number of independent models is therefore likely to 44 
be smaller than the actual number of models in the MME (Annan, 2011; Jun et al., 2008; Knutti, 2010; 45 
Knutti et al., 2010a; Pennell and Reichler, 2011; Tebaldi and Knutti, 2007a). Consequently, the use of ad hoc 46 
multi-model ensembles is now generally recognized as not providing a rigorous assessment of uncertainty. 47 
By exploring the likelihoods of each model in reproducing historical events, a likelihood-based ensemble can 48 
be derived to avoid this simplistic use of the MME (Sokolov et al., 2010; Tebaldi and Knutti, 2007a). These 49 
methods also in principle permit generating ensembles with targeted uses. For example, projecting future 50 
temperatures would require a different distribution than one intended to produce sea-level rise projections, 51 
but it remains a challenge to define the metrics of model performance that might improve climate projections 52 
with a weighted ensemble (see Section 9.7). 53 
 54 
9.2.3 The Role of Model Intercomparisons 55 
 56 
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The evaluation of climate models is a challenging undertaking.  Gauging the extent to which climate models 1 
realistically capture fundamental processes of nature requires extensive comparisons with observations on a 2 
range of space and time scales. Organized model intercomparison projects (MIPs) serve a variety of purposes 3 
for the climate research community. MIP experiments, which are usually designed within a community-4 
based framework (e.g., via working groups with representation from many modelling centres), typically 5 
include standard or “benchmark” experiments that represent critical tests of a model’s ability to simulate the 6 
observed climate.  When modelling centres perform a common experiment, it offers the possibility that their 7 
results can be compared not just with observations, but with other models as well.  This “intercomparison” 8 
enables researchers to explore the various strengths and weakness of different models in a controlled setting. 9 
When modelling groups repeat the benchmark exercises after additional model developments, it becomes 10 
possible to determine how models might be improving over time, as more realistic processes are 11 
incorporated into the models.  12 
 13 
All models suffer from systematic errors, and model evaluation is a necessary step towards their 14 
identification.  Benchmark MIP experiments offer a pathway to distinguish between the errors found in an 15 
individual model from certain errors which might be found in all models.  Organized MIPs often define more 16 
than one experiment, some of which might be designed to help isolate the causes of an error identified in all 17 
models, or simply to focus on a particular scientific problem that many participants are interested in.   18 
 19 
A multi-model perspective has been extremely useful in evaluating to what extent climate models agree with 20 
observations, examining future projections of climate change, or exploring the relationship between the two. 21 
Identification of features that are consistent across models (robustness) is one example how a multi-model 22 
context has helped to characterize model results.  The collective result, often expressed as a multi-model 23 
average, remains a useful description of model results, at least partly because in some settings it compares 24 
more favourably with observations than individual models.   25 
  26 
Organized intercomparisons offer a mechanism for the climate research community to work more closely 27 
together. They have fostered a research environment that requires model results to be more open and 28 
available for independent assessment. Perhaps mundanely, the collaborative environment of MIPs has 29 
enabled motivated scientists to develop conventions and protocols that enable an unprecedented level of 30 
model evaluation via the “economies of scale” offered by well-organized and systematic experimentation. 31 
 32 
9.2.4 Overall Summary of Approach that Will be Taken in this Chapter  33 
 34 
The model evaluation assessed in the following focuses primarily on the comparison of models with 35 
observations or observationally-based products. Exploitation of the most comprehensive set of observations 36 
necessitates an emphasis on recent decades, although older 20th century records and paleo data also play an 37 
important role. In some circumstances valuable insight into a model’s behaviour can be achieved without 38 
observations, but we will use this approach sparingly.  39 
 40 
A rational progression of such a broad scope evaluation begins with an examination of the large-scale 41 
features of the mean state in each of the model components. This is followed by an evaluation of the ability 42 
of models to capture the dominant features of natural variability on observable time scales, including 43 
extreme behaviour of particular relevance to society. This path of increasing focus takes us to more regional 44 
evaluation of model performance, including process-oriented evaluation, the importance of model resolution, 45 
and approaches to augment regional information with downscaling techniques. 46 
 47 
Throughout our evaluation, we rely on routine diagnostic methods to compare model simulations with 48 
observations, such as spatial maps and space or time decompositions (e.g., zonal means or anomaly time 49 
series).  As our evaluation focuses on increasing detail, a sampling of well-established advanced diagnostic 50 
approaches will also be exploited. To complement these diagnostics, we also rely on performance metrics to 51 
quantify the level of agreement between models and observations. Performance metrics provide an approach 52 
to succinctly summarize model performance and more concretely: demonstrate what models simulate well, 53 
and where difficulties remain; quantify changes in model performance since the AR4; examine the relative 54 
performance of different models.  55 
 56 
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While the development of increasingly realistic models remains a high priority in climate research, the need 1 
to better characterize the uncertainty in current models is rapidly become a comparable challenge. Efforts to 2 
formally describe model uncertainties are discussed in Section 9.6.3. There are a multitude of factors to 3 
consider, many of which are beyond the scope of this chapter (e.g., un-quantified uncertainties in external 4 
forcing or observations). Our evaluation focuses on a multi-model perspective (e.g., CMIP3, CMIP5) and the 5 
inter-model spread between the individual models. The discrepancy between the individual models is a lower 6 
bound estimate of model uncertainty. In principal it is possible to identify a selection of models that agree 7 
most closely with available observations, and at certain stages of our model evaluation we do so. The error 8 
structure of model behaviour is however extremely complex (e.g., Santer et al., 2009), and it must be 9 
emphasized that the relative performance of the individual models can vary widely from one 10 
diagnostic/metric to another. The prospects for synthesizing this information to be a useful gauge of the 11 
reliability of projections are addressed in Section 9.7. 12 
 13 
9.3 Simulation of Recent and Longer-Term Records in Global Models  14 
 15 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 16 
 17 
9.3.1 Introduction – Basic Characterization of Climate Model Experiments  18 
 19 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 20 
 21 
9.3.1.1 Structure of the Historical Experiments 22 
 23 
In contrast to the CMIP3 ensemble of centennial-length simulations using AOGCMs assembled for AR4 24 
(Meehl et al., 2007), the CMIP5 collection assembled for the AR5 also includes initialized decadal-length 25 
projections and long-term experiments using ESMs (Taylor, 2011). The observable properties of the basic 26 
mean states from these experiments are evaluated against the historical data record in this Section. These 27 
observational evaluations address two principal requirements for climate models to satisfy in order to 28 
provide useful projections of climate change. First, since the effective climate sensitivity depends on the 29 
state of the climate system, it is necessary for climate models to reproduce the observed state as accurately as 30 
possible to minimize the effects of state-related errors on projections for future climate (Senior and Mitchell, 31 
2000). Second, many relationships among climatic forcings, feedbacks, and responses manifested in 32 
projections of future climate change can be tested using the observational record (Soden and Held, 2006). 33 
However, fidelity to the observational record is a necessary but not sufficient condition to narrow the range 34 
of uncertainty in projections due to remaining uncertainties in historical forcing, recent trends in oceanic heat 35 
storage, and the coupled processes of the climate system (Sections 9.3.1.3 and 9.3.1.4).  36 
 37 
Simulations of the atmosphere, ocean, sea-ice, and land surface are common to all three classes of 38 
experiments, and the basic states from these simulations are evaluated against the recent and historical record 39 
in Sections 9.3.2 through 9.3.5, respectively. The integration of chemical and biogeochemical cycles with the 40 
physical climate system is a general property of the ESMs included in the AR5 multi-model ensemble. The 41 
formulations and observational evaluations of the carbon and sulfur cycles in the ESMs are presented in 42 
Sections 9.3.6 and 9.3.7, respectively.   43 
 44 
9.3.1.2 Forcing of the Historical Experiments 45 
 46 
Under the protocols adopted for CMIP5 and previous assessments, the transient climate experiments are 47 
conducted in three phases. The first phase covers the start of the modern industrial period through present-48 
day conditions corresponding to 2005 [van Vuuren et al., xxxx]. The second phase covers the future 49 
spanning 2005 to 2100 CE and is described by a collection of Reference Concentration Pathways (Moss et 50 
al., 2010). The third phase is described by a corresponding collection of Extension Concentration Pathways 51 
(ECPs). The forcings for the first phase are relevant to the historical simulations evaluated in this Section and 52 
are described here (with more details in Annex II). 53 
 54 
In the CMIP3 experiments summarized in the AR4, the forcings used in each model contributed to the multi-55 
model ensemble of 20th century experiments (known collectively as 20C3M) were left to the discretion of 56 
the individual modelling groups. A comprehensive set of historical anthropogenic emissions and LULCC 57 
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records have been assembled for the AR5 experiments in order to produce a homogeneous ensemble of 1 
historical simulations with common time-series of forcing agents.  2 
 3 
For AOGCMs without chemical and biogeochemical cycles, the forcing agents are prescribed as a set of 4 
concentrations. The concentrations for GHGs and related compounds include CO2, CH4, N2O, all fluorinated 5 
gases controlled under the Kyoto Protocol (HFCs, PFCs, and SF6), and ozone depleting substances 6 
controlled under the Montreal Protocol (CFCs, HCFCs, Halons, CCl4, CH3Br, CH3Cl). The concentrations 7 
for aerosol species include sulphate (SO4), ammonium nitrate (NH4NO3), hydrophobic and hydrophilic black 8 
carbon, hydrophobic and hydrophilic organic carbon, secondary organic aerosols (SOA), and four size 9 
categories of dust and sea salt. For ESMs that include chemical and biogeochemical cycles, the forcing 10 
agents are prescribed as a set of emissions. The emissions include time-dependent spatially resolved fluxes 11 
of CH4, NOX, CO, NH3, black and organic carbon, and volatile organic carbon (VOCs). The VOCs are 12 
further resolved into emissions for individual species including alcohols, hydrocarbons, aromatic 13 
hydrocarbons, ethers, esters, formaldehyde, ketones, acids, and other VOCs. For models that treat the 14 
chemical processes associated with biomass burning, emissions of additional species such as C2H4O 15 
(acetaldehyde), C2H5OH (ethanol), C2H6S (dimethyl sulphide), and C3H6O (acetone) are also prescribed. 16 
Historical LULCC is described in terms of the transitions in land-surface area among cropland, pasture, 17 
primary land and secondary (recovering) land, including the effects of wood harvest and shifting cultivation, 18 
as well as land-use changes and transitions from/to urban land (Hurtt et al., 2009). These emissions data are 19 
aggregated from empirical reconstructions of grassland and forest fires (Mieville et al., 2010; Schultz et al., 20 
2008); international shipping (Eyring et al., 2010a); aviation (Lee et al., 2009); and sulphur (Smith et al., 21 
2011b), black and organic carbon (Bond et al., 2007), and NOX, CO, CH4 and NMVOCs (Lamarque et al., 22 
2010) contributed by all other sectors. 23 
 24 
9.3.1.3 Relationship of Observational Initialization and Decadal Predictive Uncertainty  25 
 26 
The CMIP5 archive includes a new class of decadal-prediction experiments (Meehl et al., 2009b). The 27 
design of these experiments accounts for both for secular trends in external forcing and for the effects of 28 
internal variability in the climate system. The goal of the experiments is to understand the relative roles of 29 
forced changes and internal variability in historical and near-term climate variables. These experiments are 30 
comprised of two sets of hindcast and prediction ensembles initialized from initial conditions spanning 1960 31 
through 2005. The set of 10-year ensembles are initialized starting at 1960 in 5-year increments through the 32 
year 2005 while the 30-year ensembles are initialized at 1960, 1980, and 2005. Initialized experiments have 33 
shown considerable skill in reproducing the observed temperature record (Keenlyside et al., 2008; 34 
Mochizuki et al., 2010; Pohlmann et al., 2009; Smith et al., 2007) and the interannual variations in Atlantic 35 
hurricane frequency (Smith et al., 2010a). The distinguishing feature of the decadal-length simulations 36 
relative to the centennial-length experiments is the use of realistic oceanic initial conditions to capture the 37 
state and trends of the upper ocean (Mochizuki et al., 2010). The limits of skilful predictability are dictated 38 
by the characteristic timescales for the onset of chaos in the climate system for the dominance of the ocean 39 
state by forced response rather than initial conditions. In current models, the time horizon for skilful 40 
predictability is approximately 10 years (Branstator and Teng, 2010). Results from these experiments will be 41 
described in detail in Chapter 11; here we focus on evaluation of the models used in such predictions. 42 
 43 
9.3.2 Atmosphere  44 
 45 
Many aspects of atmospheric models have been more extensively evaluated than other component models of 46 
the climate system. One reason for this is the diversity of observationally-based data available to test 47 
atmospheric model performance. Near global data sets exist for energy fluxes at the top of the atmosphere, 48 
cloud cover, the vertical structure of temperature and winds, ozone, and other important properties simulated 49 
by atmospheric models. Moreover, promising new data sets are helping advance the diagnosis of models in 50 
new ways, e.g., the three dimensional structure of clouds e.g., (Bodas-Salcedo et al., 2008; Chepfer et al., 51 
2008). Our ability to evaluate atmospheric model performance and better understand the climate system is 52 
severely limited by deficiencies in observational systems – a concern that cannot be under-emphasized - but 53 
available data for the atmosphere is much more comprehensive than it is for the oceans, land and cryosphere.   54 
 55 
Several studies have used basic but well-understood performance metrics to gauge the overall agreement 56 
between the CMIP3 models and the observed mean state (Gleckler et al., 2008; Reichler and Kim, 2008b) or 57 
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have focused on a particular subset of ECVs (John and Soden, 2007; Pincus et al., 2008b; van Ulden and van 1 
Oldenborgh, 2006). As many key features of the simulated atmosphere have been qualitatively described in 2 
previous assessments, we rely more heavily on ECV performance metrics to summarize the extent to which 3 
climate models agree with observations. In doing so, we are better positioned to quantify a variety of useful 4 
information including: 1) model improvements, 2) the relative strengths and weaknesses of the different 5 
models, 3) what models simulate well and where they are still lacking. Model evaluation of this kind serves 6 
to assess the overall agreement between observed and simulated ECVs, but identification of the root cause of 7 
simulation errors requires a process-oriented evaluation (see Section 9.3.2.5 and 9.6.2). 8 
 9 
As discussed in Section 9.1, all component models of the climate system are built upon fundamental 10 
principles such as the conservation of energy, momentum, and mass. For atmospheric models, realistic 11 
simulation of the energy and water cycles are particularly important, and of obvious relevance to society. 12 
Our selection of ECVs used for model evaluation reflects this. The observations we will use in this Section 13 
are summarized in Table 9.2. 14 
 15 
[INSERT TABLE 9.2 HERE] 16 
Table 9.2: [PLACEHOLDER FOR FIRST ORDER DRAFT]. Observationally-based estimates of 17 
atmospheric Essential Climate Variables evaluated in Chapter 9; alternates are shown in parentheses. [to be 18 
updated] 19 
 20 
9.3.2.1 Basic State Simulation of Selected Atmospheric Essential Climate Variables 21 
 22 
Temperature is among the most basic ECVs. Insolation at the top of the atmosphere is prescribed in climate 23 
models, but all other factors that determine the distribution of temperature are simulated, including the 24 
radiative effects of clouds, energy transport, and storage of heat in the upper-ocean and land surface.   25 
Figure 9.2 depicts the error in climatological (1981–2005) temperature for a composite of 2-meter air 26 
temperature over land and SST over the ocean, and in particular illustrates (at least qualitatively) the 27 
improvements in this basic climate variable between the CMIP3 and CMIP5 collection of models.  28 
 29 
[PLACEHOLDER FOR FIRST ORDER DRAFT: Climatological surface temperature and error changes 30 
from CMIP3 to CMIP5.] 31 
 32 
[INSERT FIGURE 9.2 HERE] 33 
Figure 9.2: [PLACEHOLDER FOR FIRST ORDER DRAFT] [AR4 Figure 8.2.] (a) Observed 34 
climatological annual mean SST and, over land, surfaceair temperature (labelled contours) and the multi-35 
model mean error in these temperatures, simulated minus observed (colour-shaded contours). (b) Size of the 36 
typical model error, as gauged by the root-mean-square error in this temperature, computed over all 37 
AOGCM simulations available in the MMD at PCMDI. The Hadley Centre Sea Ice and Sea Surface 38 
Temperature (HadISST; Rayner et al., 2003) climatology of SST for 1980 to 1999 and the Climatic Research 39 
Unit (CRU; Jones et al., 1999) climatology of surface air temperature over land for 1961 to 1990 are shown 40 
here. The model results are for the same period in the 20th-century simulations. In the presence of sea ice, 41 
the SST is assumed to be at the approximate freezing point of seawater (–1.8°C).  42 
 43 
Simulation of precipitation is a much tougher test for models, as it depends heavily on processes that are not 44 
explicitly resolved, and must be parameterised (Section 9.1). Figure 9.3 compares observationally-based 45 
estimates of precipitation with the CMIP5 multi-model average. Precipitation generally decreases with 46 
latitude due to reduced evaporation and saturation vapour pressure at cooler latitudes, and qualitatively 47 
models capture this large-scale feature reasonably well. A well-known and persistent bias is evident in the 48 
structure of the tropical convergence zones (see Section 9.3.3.3) and has been extensively analyzed in the 49 
CMIP3 simulations (e.g., Lin, 2007a). [Zonal mean precipitation rather than a map being considered. Doing 50 
so would enable CMIP3 and CMIP5 multi-model averages to be shown.] 51 
 52 
[INSERT FIGURE 9.3 HERE] 53 
Figure 9.3: An extension of Figure 8.5 of the AR4 (above), showing 4 panels: (a) observations (with 54 
differences between 2 estimates shown in contours), (b) the multi-model means of the CMIP3 models, (c) the 55 
CMIP5 models, […] or presented as zonal averages. 56 
 57 
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The global annual-mean precipitable water is the measure of the total moisture content of the Earth’s 1 
atmosphere. For AOGCMs evaluated in CMIP3 and AR4, the values of precipitable water agree with one 2 
another and with multiple estimates from the NCEP/NCAR and ERA meteorological reanalyses to within 3 
approximately 10% (Waliser et al., 2007). Modeling the vertical partitioning of water vapor is subject to 4 
greater uncertainty since the humidity profile is governed by a variety of hydrological processes, sub-grid 5 
vertical transport, and coupling between the boundary layer and free troposphere. In general, the models 6 
exhibit a significant dry bias of up to 25% in the boundary layer and a significant moist bias in the free 7 
troposphere of up to 100% (John and Soden, 2007). Upper tropospheric water vapor varies by a factor of 8 
three across the AR4 multi-model ensemble (Su et al., 2006). However, the models reproduce the gradients 9 
in free-tropospheric humidity between ascending and descending dynamical regimes and between 10 
convective-cloud-covered and cloud-free regions of the tropics to within 10% (Brogniez and Pierrehumbert, 11 
2007). In addition, the relationship between tropospheric moisture and externally forced warming in the 12 
20C3M is consistent across the ensemble and is uncorrelated with the biases in the individual models (John 13 
and Soden, 2007). 14 
 15 
The spatial patterns and annual cycle of the radiative flues at the top of the atmosphere represent some of the 16 
most important observable properties of the climate system, and current models reproduce these patterns 17 
with considerable fidelity relative to the NASA CERES data sets (Pincus et al., 2008b). With respect to this 18 
metric, the performance of the individual models in the AR4 ensemble is not readily distinguishable from 19 
that of the average of all the models. This level of agreement is as expected since the spatial patterns and 20 
annual cycle of the radiative fluxes are governed primarily by the meridional gradient and seasonal cycle in 21 
solar insolation, both of which are reasonably reproduced by all the models in the AR4 ensemble. The 22 
models exhibit much less skill in reproducing either the spatial correlations or spatial variance in shortwave 23 
and longwave cloud radiative effects, although the skill of the individual climate models is comparable to 24 
that exhibited by the models used in the ECMWF reanalysis (Pincus et al., 2008b).  25 
 26 
Since these observations are readily available to the climate community and the models are adjusted to 27 
improve the agreements against the satellite record, comparisons against surface fluxes represent more 28 
discriminating measures of the emergent physical fidelity of the climate simulations. On average, the AR4 29 
models overestimate the downward all-sky shortwave flux at the surface by 6 W m–2 and underestimate the 30 
corresponding downward longwave flux by –5.6 W m–2 (Wild, 2008). The resulting average error in the total 31 
downwelling radiant flux is 0.4 W m–2. In the longwave, the variance in downwelling fluxes is dominated by 32 
the inter-model variation in these fluxes under clear-sky conditions. In the shortwave, the correlation 33 
between the biases in the all-sky and clear-sky downwelling fluxes suggests that systematic errors in clear-34 
sky radiative transfer calculations may be primary cause for these biases. This is consistent with an analysis 35 
of the global annual-mean estimates of clear-sky atmospheric absorption from the AR4 ensemble. Wild 36 
(2006) demonstrates that several AR4 models underestimate clear-sky shortwave absorption and hence 37 
overestimate surface insolation by up to 12 W m–2. The underestimation of absorption can be attributed to 38 
the omission or underestimation of absorbing aerosols, in particular carbonaceous species, and to omission of 39 
weak-line absorption by water vapor, the predominant absorbing gas for shortwave radiation in the current 40 
climate (Wild et al., 2006). The net shortwave energy absorbed by the surface is set by the downwelling flux 41 
and the surface albedo. The mean surface albedo of 0.351 from the AR4 ensemble and the observationally 42 
derived albedo of 0.334 from the International Satellite Cloud Climatology Project (ISCCP) differ by much 43 
less than the standard deviation in surface albedo among the models (Wang et al., 2006). 44 
 45 
Using a single measure of a models’ ability to simulate the climatological annual cycle, Reichler and Kim 46 
(2008) quantified how errors were reduced in CMIP3 when compared to earlier generations of models.  47 
Studies such as this are helpful in demonstrating how models improve over time.  Use of a single skill score 48 
to gauge model performance can also be useful during the model development process in conjunction with 49 
the expert judgement of model developers.  However, construction of such an overall index is rather 50 
arbitrary, and it is unclear to what extent it should be used to make quantitative judgements about the relative 51 
performance of different models.  We are now in a better position to gauge model improvement of individual 52 
ECVs because two generations of models (CMIP3 and CMIP5) can be evaluated with a majority of groups 53 
not using flux adjustments. 54 
 55 
In what follows, we use the root-mean-square error (RMSE) as a statistical measure to compare models with 56 
observations. This basic error measure was used in the TAR and AR4 model evaluation chapters, and 57 
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continues to be used in routine model evaluation. Like all other statistical measures, the RMSE has 1 
limitations that need to be considered when interpreting results, e.g., areas where errors are large have a 2 
disproportionate influence on the overall measure. The RMSE continues to be used however, because its 3 
limitations are well understood and easy to interpret. Importantly, the RMSE also has several advantageous 4 
properties such as a simple relation to the standard deviation and correlation, and the possibility to 5 
decompose errors into orthogonal components (overall bias, departures from the zonal mean, etc.).  6 
[PLACEHOLDER FOR FIRST ORDER DRAFT: Inclusion of a brief comparison of RMSE results with 7 
alternate statistical measures to be considered following publication of the results from CMIP5.] 8 
 9 
 10 
Figure 9.4 shows annual cycle space-time RMS errors for a suite of well-observed ECVs as simulated in 11 
CMIP3 and CMIP5. Results are normalized by the observed standard deviation of individual variables so 12 
that they can be collectively compared. With individual models identified, this figure demonstrates how 13 
models continue to improve [tbc] and how some models agree with observations better than others at 14 
simulating the mean state of certain ECVs.   15 
 16 
[INSERT FIGURE 9.4 HERE] 17 
Figure 9.4: Normalised RMS error in simulation of climatological patterns of monthly precipitation, mean 18 
sea level pressure and surface air temperature. Recent AOGCMs (circa 2005) are compared to their 19 
predecessors (circa 2000 and earlier). Models are categorised based on whether or not any flux adjustments 20 
were applied. The models are gauged against the following observation-based datasets: Climate Prediction 21 
Center Merged Analysis of Precipitation (CMAP; Xie and Arkin, 1997) for precipitation (1980–1999), 22 
European Centre for Medium Range Weather Forecasts 40-year reanalysis (ERA40; Uppala et al., 2005) for 23 
sea level pressure (1980–1999) and Climatic Research Unit (CRU; Jones et al., 1999) for surface 24 
temperature (1961–1990). Before computing the errors, both the observed and simulated fields were mapped 25 
to a uniform 4° x 5° latitude-longitude grid. For the earlier generation of models, results are based on the 26 
archived output from control runs (specifically, the first 30 years, in the case of temperature, and the first 20 27 
years for the other fields), and for the recent generation models, results are based on the 20th-century 28 
simulations with climatological periods selected to correspond with observations. (In both groups of models, 29 
results are insensitive to the period selected.) [Taken from Figure 8.11 of Chapter 8 of the AR4, This figure 30 
would be substantially modified, comparing CMIP3 and CMIP5 (rather than CMIP2 and CMIP3).  All 31 
individual models would be color coded and identified. Results would be shown for a number of ECVs (Ts, 32 
pr, clt, OLR, water vapour, etc.) Perhaps only models without flux correction would be shown (i.e., most). 33 
This is an alternate to a “portrait plot” of relative model performance.] 34 
 35 
[This figure would be an overall summary of mean climate performance with metrics. PG can prepare a test 36 
version (CMIP3-only) to be available by ZOD deadline. This figure is an alternate to the blue-red portrait 37 
plot (Figure 3 of Gleckler et al., 2008). It shows much of the same information, but visually it emphasizes 38 
more how the distribution of errors differ across variables than it does highlight which models are better or 39 
lesser performers. Another advantage it has over a portrait plot is that it will also enable visualization of how 40 
well models have improved since CMIP3. With all the models identified on a per variable basis however, all 41 
the information about relative model performance would be there (all one has to do is ‘connect the dots’).] 42 
 43 
Figure 9.5 is a Taylor diagram (Taylor, 2001; Chapter 8 of the TAR) showing model performance for a 44 
selection of ECVs.  This summary figure shows the standard deviation, correlation and RMSE for the space-45 
time (1981-2005 climatological annual cycle with global mean removed) agreement of CMIP5 models with 46 
selected observational estimates.  The results are normalized by the observed standard deviation to enable 47 
including multiple fields on the same diagram.  A wide range of simulation skill is clearly evident, with 48 
average pattern correlations as high as 0.99 for the lower tropospheric temperature, and well below 0.8 for 49 
simulated total cloud cover and precipitation.  This range of skill reflects a distinction between fields that are 50 
explicitly resolved and those that are parameterised. [to be expanded]. There is also some correspondence 51 
between the skill of the observed fields to the quality of observations available. 52 
 53 
[INSERT FIGURE 9.5 HERE] 54 
Figure 9.5: Multivariable Taylor diagrams of the 20th century CMIP3 annual cycle climatology (1980 –55 
1999) for NHEX (20°N–90°N).  Color identified for each variable, with dots representing individual models 56 
and triangles denote multi-model mean.  Standard deviation is normalized by the observed value for each 57 
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variable. Taken from Gleckler et al. 2008 [Models to be updated with CMIP5 as well as all observations, and 1 
results to be shown for the global annual cycle. Individual models to be identified.] 2 
 3 
[A similar figure was shown in the TAR, however there was no discussion of the reasons for the range of 4 
skill for different variables. There is a slight redundancy between the information in Figures 9.4 and 9.5.  5 
Both show relative model performance on a per-variable basis. If there is a need to select one over the other, 6 
Figure 9.4 is better suited to summarize model improvement. This can be done with a Taylor diagram (using 7 
arrows), but the figure gets complicated fast with multiple variables and models. What the Taylor diagram 8 
offers here is a quantitative spread in the skill of different variables, which is perhaps less of a priority to 9 
document than model improvement. One possibility that has been discussed is to have several of the 10 
complementary figures in the Supplementary Material, i.e., not just plots but metrics results also.] 11 
 12 
The broad scope performance metrics discussed above are a typical first-step toward quantifying model 13 
agreement with ECV observations. It is important to recognize, however, that when these metrics are applied 14 
the results can be sensitive to such factors as observational uncertainty, sampling errors (e.g., limited record 15 
length of observations), the spatial scale of comparison, the domain considered, and the choice of metric 16 
(Gleckler et al, 2008).  More confidence in these quantitative measures can be gained when their robustness 17 
is backed up with an examination of the impact of various choices made in their construction.   18 
 19 
[PLACEHOLDER FOR FIRST ORDER DRAFT: above to be modified with results from CMIP5] 20 
 21 
9.3.2.2 Global-Scale Changes in Selected Atmospheric Essential Climate Variables 22 
 23 
Before we examine the ability of the CMIP5 models to reproduce well-known modes of climate variability 24 
(Section 9.4), we first assess how well the models capture the broad features of observed changes in a global 25 
context. Evaluation of recent trends in climate models is complicated by the fact that the range of results is 26 
not just due to structural errors in the models, but may be influenced by uncertainties in external forcings as 27 
well [references needed]. De-convolving the importance of model and forcing uncertainties in the historical 28 
simulations is an important topic addressed in Chapter 10.  Here we focus on quantifying the level agreement 29 
between the model simulations and observations. 30 
 31 
Several studies have focused on the ability of the CMIP3 models to simulate observed trends (e.g., Fyfe et 32 
al., 2010). One topic that has received considerable attention is the extent to which models adequately 33 
capture the warming of the tropical troposphere during the satellite era. (Douglass et al., 2008) concluded 34 
that the tropospheric temperature trends in models disagree with observations to a statistically significant 35 
extent. This apparent inconsistency between models and observations was contradicted in (Santer et al., 36 
2008), with a demonstration that Douglass et al. (2008) applied an inappropriate statistical test and had 37 
neglected observational trend uncertainties associated with natural variability. 38 
 39 
[The amount of text needed for assessing work that compares observed and simulated trends, which is often 40 
done in D&A studies, requires clarification.  Discussion being expanded to cover more CMIP3 results, e.g., 41 
(Zhang et al., 2007) for precipitation and (Santer et al., 2007) for water vapour to be considered.] 42 
 43 
We examine how well the CMIP5 models capture the recent trends and variability of two well-observed 44 
ECVs, surface temperature and column-integrated water vapor (over the global oceans, 50°N–50°S).   45 
 46 
Figure 9.6 shows the observed and simulated (multi-model) linear trends of temperature (1979–2005) and 47 
water vapour (1988–2005), the periods of which are constrained by the availability of near-global coverage 48 
offered by satellite measurements. [This (temperature only) component previously was shown in the 49 
detection and attribution chapter – clarification needed if this information be assessed in the model 50 
evaluation chapter and as a part of this section. Qualitative similarity between the multi-model and observed 51 
trends to be discussed, along inter-model spread. ] 52 
 53 
[INSERT FIGURE 9.6 HERE] 54 
Figure 9.6: Taken from the AR4 Figure 9.6 (D&A Chapter), the above figure shows local linear trends of 55 
surface temperature from 1979–2005. The proposed figure would add similar panels for water vapour (1988–56 
2005). Inter-model s.d. to be shown with contours. 57 
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 1 
[INSERT FIGURE 9.7 HERE] 2 
Figure 9.7: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure to be constructed consists of two 3 
scatter plots, one for surface temperature, and one for water vapour. On each plot, the y-axis corresponds to 4 
the amplitude of the global average linear trend, and on the x-axis, the spatial pattern correlation of the 5 
simulated and observed linear trends.  6 
 7 
Based on the trend maps of individual simulations used to construct Figure 9.6, Figure 9.7 consists of two 8 
scatter plots, one for surface temperature, and one for water vapour.  On each plot, the y-axis corresponds to 9 
the amplitude of the global average linear trend, and on the x-axis, the spatial pattern correlation of the 10 
simulated and observed linear trends.  11 
 12 
[This scatter plot would show results for observations and individual models (identified). Inclusion of 13 
multiple realizations of individual models would help demonstrate the sensitivity of the results to internal 14 
variability and the short record length. The metrics shown on these scatter plots would compare observed 15 
and individual simulation linear trends and their spatial structure. There would be lots to discuss here.   16 
If global scale variability is to be consider in addition to trends …] 17 
 18 
[INSERT FIGURE 9.8 HERE] 19 
Figure 9.8: Taken from Santer et al. (2009). [PLACEHOLDER FOR FIRST ORDER DRAFT: Similar to 20 
the above except replacing the y-axis with the spatial pattern correlation of the observed and simulated 21 
monthly variability. One figure for SST, and one for water vapour.] 22 
 23 
[Figure 9.8 similar to Figure 9.7 except highlighting the amplitude and pattern similarity of monthly 24 
variability rather than trend similarity. Variability would be computed with linear trends removed. One axis 25 
of the scatter plots would be the amplitude of monthly variability, and the other would be the correlation 26 
between observed and simulated pattern of variability. This would be based on the performance metrics of 27 
(Santer et al., 2009) that have previously been used to evaluate the CMIP3 models.] 28 
 29 
[The last two figures would complement the mean state ECVs assessment with metrics of global scale trends 30 
(Figure 9.7) and variability (Figure 9.8).] 31 
 32 
[Several works-in-progress are addressing model agreement with observations (at global scale) as a function 33 
of timescale. This advancement would likely be folded into later drafts.]  34 
 35 
9.3.2.3 Ozone  36 
 37 
Ozone, another important ECV, has been subject to a major perturbation in the stratosphere since the late 38 
1970s due to anthropogenic emissions of ozone-depleting substances (ODSs), now successfully controlled 39 
under the Montreal Protocol and its Amendments and Adjustments. Since the AR4, there is increasing 40 
observational and modelling evidence that Antarctic stratospheric ozone loss has contributed to changes in 41 
southern high-latitude climate (WMO, 2011). Together with increasing GHG concentrations, the ozone hole 42 
has led to a poleward shift and strengthening of the Southern Hemisphere westerly tropospheric jet during 43 
summer, which contributed to robust summertime trends in surface winds, observed warming over the 44 
Antarctic Peninsula and cooling over the high plateau (Arblaster and Meehl, 2006; CCMVal, 2010; Perlwitz 45 
et al., 2008; Son et al., 2008; Son et al., 2010). These trends are well captured in chemistry-climate models 46 
(CCMs) with interactive stratospheric chemistry that have been extensively evaluated through a process-47 
oriented approach (CCMVal, 2010; Eyring et al., 2005; Waugh and Eyring, 2008), see Section 9.3.2.5. They 48 
are also captured in CMIP3 models that prescribe time-varying ozone (Son et al., 2010). However, in AR4 a 49 
subset of models prescribed ozone as a climatological zonal mean rather than time-varying field. Several 50 
studies showed that models with prescribed climatological mean ozone were not able to simulate trends in 51 
surface climate correctly as a result of the missing ozone depletion (Fogt et al., 2009; Karpechko et al., 2008; 52 
Son et al., 2008; Son et al., 2010), see also Chapter 10. 53 
 54 
For CMIP5, a continuous tropospheric and stratospheric vertically resolved ozone time series, from 1850 to 55 
2099, has been generated to be used as forcing in global climate models that do not include interactive 56 
chemistry (Cionni et al., 2011). The CMIP5 simulations forced with this dataset capture the main 57 
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stratospherically induced changes on high latitude surface climate over the past decades [to be confirmed], 1 
although Waugh et al. (2009) demonstrated in a study with a single CCM that trends in the location of the 2 
850 hPa jet and the southern annular mode (SAM) are underestimated if ozone is prescribed as time-varying 3 
zonal mean field rather than calculated interactively. In addition, Chapter 10 of SPARC-CCMVal (2010) 4 
showed that CCMs participating in the second round of the Chemistry-Climate Model Validation (CCMVal-5 
2) Activity model intercomparison have a mean stratospheric climate and variability that is much closer to 6 
the observations than CMIP3 models and that interannual variability in the troposphere also tends to be 7 
better simulated. As an example for ozone, Figure 9.9 shows a comparison of mean total column ozone 8 
(1980–1999) from the CCMVal-2 models and the AC&C /SPARC ozone database to the NIWA assimilated 9 
database [this figure to be updated with CMIP5 models that have interactive stratospheric chemistry]. The 10 
CCMVal-2 multi-model mean agrees well with observations (panels c, d) although large discrepancies exist 11 
for the individual models (panels a, b). As noted in Cionni et al. (2011), total column ozone over Antarctica 12 
in the AC&C/ SPARC is higher than in the NIWA assimilated database (panels e, f), because in this region 13 
the dataset is based only on the ozonesondes from the Syowa station located at 69°S. This station is not in 14 
the centre of the vortex but is close to the vortex edge and therefore the ozone measured there is occasionally 15 
indicative of midlatitude rather than polar air (Solomon et al., 2005). [PLACEHOLDER FOR FIRST 16 
ORDER DRAFT: evaluation of stratospheric ozone in CMIP5 models with interactive chemistry and 17 
comparison to CCMVal and CMIP5 models that are forced with prescribed zonal mean ozone fields]. Other 18 
possible impacts of the ozone hole on surface climate that have been more recently investigated but not fully 19 
quantified in model simulations yet include a southward shift of the Southern Hemisphere stormtrack (Lynch 20 
et al., 2006), decreases of carbon uptake over the Southern Ocean (Le Quere et al., 2007; Lenton et al., 2009) 21 
and increases in sea-ice area averaged around Antarctica (Goosse et al., 2009; Sigmond and Fyfe, 2010).  22 
 23 
[INSERT FIGURE 9.9 HERE] 24 
Figure 9.9: Simulated present-day (1980–1999 average) absolute September to November total column 25 
ozone (a) and the bias of it from TOMS data (b). The four models that deviate most from observations (two 26 
low-biased and two high-biased) are shown in (a, b) to illustrate the spread. The average of 18 CCMVal-2 27 
models in the large panels is shown in (d,e), and the AC&C / SPARC ozone database in (f, g). Changes in 28 
total column ozone over Antarctica (averaged from 60°S–90°S) from 1960 to 2000 for the above datasets are 29 
shown in panel (h). Ozone depletion increased after 1960 as equivalent stratospheric chlorine (ESC) values 30 
steadily increased throughout the stratosphere. Modified from Eyring et al., J. Clim, (2011), in preparation. 31 
[Update with CMIP5 models that have interactive stratospheric chemistry.] 32 
 33 
Tropospheric ozone in the historical period has mainly increased due to increases in ozone precursor 34 
emissions from anthropogenic activities. Since the AR4, a new emission dataset has been developed 35 
(Lamarque et al., 2010), which has lead to some differences in tropospheric ozone burden and radiative 36 
forcing estimates compared to previous studies, mainly due to a smaller increase in biomass burning 37 
emissions (Cionni et al., 2011; Lamarque et al., 2011; Lamarque et al., 2010), see Chapter 8. In general, 38 
tropospheric ozone is well simulated by CCMs with interactive tropospheric chemistry. For example, the 39 
historical tropospheric segment of the AC&C / SPARC ozone database used as forcing in a subset of CMIP5 40 
models without interactive chemistry consists of a two model mean of the Community Atmosphere Model 41 
(Lamarque et al., 2010) and the NASA-GISS PUCCINI model (Shindell et al., 2006). The geographical 42 
distribution and the annual cycle of this two-model mean compares well with a 6-year (2005-2009) 43 
climatology from MLS/OMI satellite measurements, although tropospheric column ozone is generally 44 
slightly lower than observed especially in the Southern Hemisphere. The vertical profiles of tropospheric 45 
ozone are also broadly consistent with ozonesondes and in-situ measurements, with some deviations in 46 
regions of biomass burning (Cionni et al., 2011). [PLACEHOLDER FOR FIRST ORDER DRAFT: 47 
evaluation of tropospheric ozone in CMIP5 models with interactive chemistry.] 48 
 49 
9.3.2.4 Aerosols  50 
 51 
In the RCP protocol adopted for CMIP5 (Moss et al., 2010), the geographic distribution and temporal 52 
evolution of emissions of sulphate precursors, in particular SO2, are prescribed both for the simulations of 53 
the 20th century (Lamarque et al., 2010) and for the projections of future climate (e.g., Wise et al., 2009). 54 
Therefore differences among the multi-model ensemble should be due to differences in the modelled 55 
chemical production, transport, and removal of the sulphate species together with differences in the 56 
treatments of aerosol microphysical properties. Analogous experiments have been conducted using an 57 
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ensemble chemical transport models with harmonized (identical) emissions of sulphate precursors as part of 1 
the AeroCom project (Textor et al., 2007) and compared against a corresponding ensemble with 2 
heterogeneous emissions. Intercomparison of the two ensembles shows that the intermodal differences in the 3 
heterogeneous ensemble are due primarily to the differences in model processes and transport rather than 4 
differences in emissions (Textor et al., 2007). Similar findings have been obtained from simulations of 5 
present-day conditions using a single chemical transport model and emissions data set run with three 6 
different operational meteorological analyses. In these simulations, the process parameterisations are 7 
identical although the meteorological fields driving the processes are not. Sulphate concentrations in the 8 
middle and upper troposphere and near the surface in the Northern Hemisphere close to anthropogenic 9 
source regions differ by a factor of three among the three simulations (Liu et al., 2007). 10 
 11 
9.3.2.5 What do We Learn from Model-Data Comparisons for the Last Glacial Maximum, the Mid-12 

Holocene, and the Last Millennium?  13 
 14 
The LGM and mid-Holocene are now considered as benchmarking periods to test the ability of climate 15 
models to represent a climate different from the modern one. We consider here results obtained for 16 
AOGCMs or EMICs in CMIP5, comparing the new model results with results of previous phases of the 17 
Paleoclimate Modelling Intercomparison Project (PMIP, Joussaume and Taylor, 1995). The LGM allows 18 
testing of the climate response to the presence of a large ice-sheet in the northern hemisphere and to lower 19 
concentration of radiatively active trace gases, whereas the mid-Holocene tests the response to changes in 20 
seasonality of insolation in the northern Hemisphere (see Chapter 5). There is also a wide interest in testing 21 
the ability of climate models to reproduce observed trends over more recent periods. In this line, the 22 
transition from the Medieval warm period and the little ice-age offers good test for climate models in a 23 
context where the climate is controlled more by natural forcing such as volcanic and solar variability and less 24 
by human activity (except for land use, Jungclaus et al., 2010; Pongratz et al., 2009).  25 
 26 
Figure 9.10 makes an overall assessment of the model performance, considering a suite of key diagnoses 27 
reported in various studies [inclusion of figures = map to be decided]. They consider large scale patterns, at 28 
the hemispheric or continental scale, consistent changes between land and ocean, and more regional aspects 29 
in ocean and continental regions for which several in depth analyses are available. The models reported here 30 
have different level of complexity and resolution than those used for future climate projections (see Table 31 
9.1). The diagnoses use the most recent update of continental dataset described in (Bartlein et al., 2010) and 32 
ocean datasets from MARGO reported in (Waelbroeck et al., 2009) as well as [inclusion of other datasets 33 
depending on new papers]. Different methods were used to measure the goodness of fit between model and 34 
data. The different sources of uncertainties in the data or model outputs are treated with different level of 35 
complexity depending on the analyses (see supplementary material). Some of the simple diagnoses were 36 
already reported in the TAR (McAvaney et al., 2001) or in the AR4 (Jansen et al., 2007).  37 
 38 
[INSERT FIGURE 9.10 HERE] 39 
Figure 9.10: [PLACEHOLDER FOR FIRST ORDER DRAFT: Figure to be constructed summarizing 40 
results from paleoclimate comparisons.] 41 
 42 
[The diagnostics (i.e., maps) from which metrics above are calculated to be provided in the Supplementary 43 
Material. Coordination with Annex I needed.] 44 
 45 
9.3.3 Simulation of Recent and Longer Term Trends – Ocean  46 
 47 
Accurate simulation of the ocean in climate models is essential for the correct estimation of transient ocean 48 
heat uptake and hence the transient climate response, ocean CO2 uptake, sea level rise, and for coupled 49 
modes of variability such as ENSO. In this Section we focus on the evaluation of model performance in 50 
simulating the mean state of the thermodynamic and dynamic ocean properties, the surface fluxes, and their 51 
impact on the simulation of ocean heat content and sea level as well as the tropical features of importance for 52 
climate variability. Simulations of both the recent (20th century mean and evolution) and more distant past 53 
are evaluated against available data. 54 
 55 
9.3.3.1 Simulation of Mean Temperature and Salinity Structure 56 
 57 
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The zonal distribution of potential temperature and salinity offers a first evaluation of the performance of 1 
climate models in simulating the different regions of the ocean (upper ocean, thermocline, deep ocean).  2 
[Changes from CMIP3 to CMIP5, simpler models, to be discussed.] 3 
 4 
[INSERT FIGURE 9.11 HERE] 5 
Figure 9.11: [PLACEHOLDER FOR FIRST ORDER DRAFT] From AR4, to be redone from CMIP5: 6 
Figure 8.9. Time-mean observed potential temperature (°C), zonally averaged over all ocean basins (labelled 7 
contours) and multi-model mean error in this field, simulated minus observed (colour-filled contours). The 8 
observations are from the 2004 World Ocean Atlas compiled by Levitus et al. (2005) for the period 1957 to 9 
1990, and the model results are for the same period in the 20th-century simulations in the MMD at PCMDI. 10 
 11 
[Figure 9.11 yet to be done: zonal T (and S) + errors + model discrepancy, consider multiple observations 12 
Levitus, Ishii and Domingues].  13 
 14 
More detailed assessments of the performance of coupled climate models in simulating hydrographic 15 
structure and variability are still relatively sparse. Two important regions, the Labrador and Irminger Seas 16 
and the Southern Ocean, have been investigated by, respectively, (de Jong et al., 2009) and (Sloyan and 17 
Kamenkovich, 2007). Eight CMIP3 models produced simulations of the intermediate and deep layers in the 18 
Labrador and Irminger Seas that were generally too warm and saline, with biases up to 0.7 psu and 2.9oC. 19 
The biases arose because the convective regime was restricted to the upper 500 dbar; thus, intermediate 20 
water that in reality is formed by convection is, in the model, partly replaced by warmer water from the 21 
south. In the Southern Ocean, Subantarctic Mode Water (SAMW) and Antarctic Intermediate Water 22 
(AAIW), two water masses indicating very efficient ocean ventilation, were found to be well simulated in 23 
some models but not in others (Sloyan and Kamenkovich, 2007). 24 
 25 
The capacity of the ocean to take up heat and other atmospheric quantities has a marked seasonality, 26 
especially at higher latitudes where the summer stratified upper ocean acts as a barrier and the winter 27 
deepening of the mixed layer offers a window to the deeper ocean. The capacity of the models to represent 28 
this seasonal feature is assessed in Figure 9.12.  29 
 30 
[Further assessment when CMIP5 evaluations available.]  31 
 32 
[Assessment of water masses (NADW, ABBW, AAIW, …) to be included if/when available.] 33 
 34 
[INSERT FIGURE 9.12 HERE] 35 
Figure 9.12: [PLACEHOLDER FOR FIRST ORDER DRAFT] [From (de Jong et al., 2009) to show ability 36 
of models to capture the mixed-layer depth in a crucial region for ocean uptake of heat or carbon. Another 37 
region could be shown.] 38 
 39 
[Possible other Figures for Supplementary Material.: Zonal mean Mixed Layer Depth, maps of normalised 40 
error vs. standard deviation.] 41 
 42 
9.3.3.2 Simulation of Sea Level and Ocean Heat Content  43 
 44 
Steric and dynamical components of sea level (SL) changes are simulated by the current generation of 45 
climate models and can be evaluated with available observations. Ice-sheet models are actively under 46 
development, but are generally not included in the CMIP5 simulations. Modifications of the geoid by the 47 
gravitational effect and glacial isostatic adjustment influence relative regional sea level are not included in 48 
CMIP5 models. However, because these effects have negligible influence on steric and dynamic changes 49 
they can be computed diagnostically.  50 
 51 
Some of the differences in simulated dynamic sea level changes between models may have to do with 52 
configuration choices such as model resolution and such as the rigid-lid and Boussinesq approximations. In 53 
principle, evaluation of simulated ocean heat content (OHC) is more straightforward than sea level because 54 
OHC depends only on ocean temperature, however, as a result of limitations in the observations there are 55 
challenges in the model evaluation of both OHC and SL changes. For model evaluation, it is convenient to 56 
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consider them collectively because of the near-linear correspondence between large-scale variations of OHC 1 
and the thermosteric contribution to SL changes. 2 
 3 
About half of the historical simulations in CMIP3 included the effects of volcanic eruptions. (Gleckler et al., 4 
2006) showed that inclusion of volcanic aerosols led to significantly smaller trends of the 20th century OHC 5 
and SL compared to CMIP3 models that did not include volcanic aerosol forcing. A recent hypothesis 6 
(Gregory, 2010) suggests, however, that in order to properly estimate simulated heat uptake and sea-level 7 
changes associated with volcanic eruptions, an additional set of control runs (i.e., not part of CMIP5) may be 8 
necessary to correct for a prolonged ocean cooling associated with episodic volcanic forcing. Thus, our 9 
model evaluation of simulated OHC/SL will need to address not only uncertainties in external forcing, but 10 
possible limitations in experimental design as well. 11 
 12 
 AchutaRao et al. (2007) showed that the variability structure of simulated OHC agreed much better with 13 
observations when the model data was sampled according to when and where actual measurements exist. 14 
Making use of a reduced space-time reconstruction, including corrections for identified biases in the 15 
historical measurements, Domingues et al. (2008) further demonstrated that the trends and overall global 16 
variability structure of the CMIP3 models agrees better with observations when volcanic aerosols are 17 
included. These features are further explored with a regional evaluation of these simulations (Domingues et 18 
al, in preparation; [reference needed / Domingues, xxxx]). Yin et al. (2010a) examine the time-mean patterns 19 
in the CMIP3 simulations induced by ocean dynamics, and find that the models generally capture the broad 20 
scale inter- and intra-basin characteristics seen in the observations, albeit with varying degrees of accuracy 21 
among models. Projections of 21st century regional dynamic sea level changes are very uncertain due to 22 
inter-model spread [reference to AR4 needed], but at least for some regions Yin et al. (2010) found this 23 
spread can be reduced by selecting only a subset of CMIP3 models based on (rather crude) performance 24 
skill.  25 
 26 
[Several papers in preparation use metrics to evaluate the simulated global annual cycle of ocean heat 27 
content and SSH in the CMIP3 simulations [reference needed / Landerer, xxxx]. These are much in the spirit 28 
of the broad scale metrics used to evaluate the atmosphere in Section 9.3.2. A proposed figure (Figure 9.13) 29 
for CMIP5 will show results in the form of a scatter plot. One axis will show near-global ocean annual cycle 30 
RMSE errors of SSH and the other axis will be the same for OHC. These will be constructed from 31 
independent observations, namely altimetry and in-situ temperature measurements.] 32 
 33 
[Several detection and attribution studies [reference needed / Gleckler, xxxx) are showing time series that 34 
compare the CMIP3 OHC trends and variability with a new suite of observational estimates that correct for 35 
identified biases. A figure such as the one included here can be re-worked to focus more on the model-obs 36 
comparison with less emphasis on observational uncertainty (Figure 9.14). Of practical concern – because 37 
CMIP5 ocean data will be on the native model grids - OHC figures for CMIP5 may be difficult to complete 38 
in time for the AR5. Another possibility would be to show maps of observed and multi-model OHC trends, 39 
just like that proposed with surface temperature in Section 9.2.2. In the same vein, metrics (on a scatter plot) 40 
for these trends could easily be constructed.] 41 
 42 
[INSERT FIGURE 9.13 HERE] 43 
Figure 9.13: [PLACEHOLDER FOR FIRST ORDER DRAFT: For CMIP5 we will show results in the form 44 
of a scatter plot. One axis will show near-global ocean annual cycle RMSE errors of SSH and the other axis 45 
will be the same for OHC. Note these will be constructed from independent observations, namely altimetry 46 
and in-situ temperature measurements.] 47 
  48 
[INSERT FIGURE 9.14 HERE] 49 
Figure 9.14: [Taken from Gleckler et al., D&A paper, in preparation] Global average evolution of upper 50 
ocean (0–700 m) volume average temperature. a) New and old estimates of Ishii et al. (2003, 2009) and 51 
Levitus et al. (2005, 2009), b) the impact of using different XBT bias correction methods demonstrated 52 
within a common analysis framework c) Ishii et al. (2009) and Levitus et al. (2009) spatially complete (SC) 53 
and subsampled (SS) as described in text, d) Recent observed estimates and the CMIP3 ensemble common 54 
signal (ECS) for the subset of models including volcanic eruptions, those without, and all models. All times 55 
series are departures from 1957–1990 climatologies (°C), and those in a) and c) are computed from spatially 56 
complete data. For visual clarity, all observational data are 5-year running averages. The 20CEN simulations 57 
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in CMIP3 end in 1999 or 2000. [The emphasis of this figure is on observational uncertainty, with multi-1 
model results only shown in panel (d). This information can be re-worked to focus more directly on model-2 
obs comparison.] 3 
 4 
9.3.3.3 Simulation of Circulation Features Important for Climate Response 5 
 6 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 7 
 8 
9.3.3.3.1 Simulation of recent ocean circulation 9 
Atlantic Meridional Overturning Circulation  10 
The Atlantic Meridional Overturning Circulation (AMOC) plays a key role in present-days climate. The 11 
Atlantic overturning circulation consists of northward transport of shallow warm water overlying a 12 
southward transport of deep cold water and is thought to be responsible for a considerable part of the 13 
northward oceanic heat transport. Direct observations of the AMOC would require basin-wide full-depth 14 
coverage of the meridional velocities. Therefore, AMOC estimates have had to be inferred from 15 
hydrographic measurements; estimates have been sporadically available over the last decades (e.g., Bryden 16 
et al., 2005; Lumpkin et al., 2008), indicating at 26°N a time-mean value of about 18 Sv with an 17 
observational uncertainty of ±6 Sv. Previously, coupled climate models showed considerable spread in the 18 
time-mean strength of the AMOC, with about half of the models matching the observed estimate (Schmittner 19 
et al., 2005; Schneider et al., 2007). However, AMOC ‘time-series’ based on synoptic measurements 20 
represent sparse sampling (once every few years or decades) with serious aliasing problems, and are not 21 
capable of representing AMOC variability or long-term trends. Continuous AMOC monitoring was started at 22 
26°N about half a decade ago (Cunningham et al., 2007); the four-year mean has been determined as 18.7 Sv 23 
with a standard error of ±2.1 Sv (Kanzow et al., 2010), which has permitted a much more stringent 24 
evaluation of climate models’ ability to simulate the long-term AMOC [CMIP5 results expected and text to 25 
be updated and referenced]. Model ability might directly lead to an assessment of the credibility of simulated 26 
AMOC weakening during the 21st century because at least in one EMIC the weakening is significantly 27 
correlated with mean AMOC strength (Levermann et al., 2007). While the observed time series is still too 28 
short to analyze for long-term trends, the observational record now permits a comparison of observed and 29 
simulated AMOC variability (see Section 9.4.3.2).  30 
 31 
[No figure in main text, but a metric (MOC strength in Sv vs. recent estimates) to integrate into a larger 32 
Glecker et al. style table to be considered.] 33 
 34 
[Figure on latitude/depth MOC in Atlantic for models to be included in Supplementary Material.] 35 
 36 
Western Boundary Currents 37 
The relatively low horizontal resolution of coupled models leads to western boundary currents that are too 38 
weak and diffuse, and hence biases in heat transport, SST, SSS and subtropical mode water formation (Kwon 39 
et al., 2010). In addition, the models tend to underestimate the magnitudes of the covariance between the 40 
SST and the heat fluxes compared to the re-analyses (Yu et al., 2011). Errors in the simulated time-mean 41 
state of the ocean then lead to errors in the models capturing the decadal variability of modes that are 42 
primarily ocean-driven (Jamison and Kravtsov, 2010). In the Southern Hemisphere, Sen Gupta et al. (2009) 43 
found considerable variations in the ability of the CMIP3 CGCMs to represent both the meridional changes 44 
in the transports of the Agulhas, Brazil and East Australian Currents as well as in the latitude of maximum 45 
transport.  46 
 47 
AchutaRao et al. (2007) found no evidence to support the previously held view that CMIP3 models 48 
systematically underestimate the true variability of the ocean temperature and heat content.  49 
 50 
[Figure on barotropic stream function for models to be included in Supplementary Material.] 51 
 52 
Southern Ocean Circulation 53 
The Southern Ocean is an important driver for the meridional overturning circulation which is closely linked 54 
to the zonally continuous Antarctic Circumpolar Current (ACC). The ACC has a typical transport through 55 
the Drake Passage of about 135 Sv (e.g., Cunningham et al., 2003). The ability of CMIP3 models to 56 
adequately represent Southern Ocean circulation and water masses seems to be affected by several factors 57 
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(Russell et al., 2006). The most important appear to be the strength of the westerlies at the latitude of the 1 
Drake Passage, the heat flux gradient over this region, and the salinity gradient across the ACC down 2 
through the water column. Russell et al. (2006) emphasize this last factor, modulated by the upwelling of 3 
North Atlantic Deep Water (NADW) south of the ACC, as most strongly influencing the variations between 4 
models in ACC properties. Sen Gupta et al. (2009) noted several problems in these models with representing 5 
the circulation of the Southern Ocean; in particular, relatively small deficiencies in the position of the ACC 6 
lead to more obvious biases in the SST in the models. Although the models generally capture a strong 7 
circumpolar circulation and a Weddell Gyre that is located corrected and reasonably close to the observed 8 
transport, the Ross Gyre tends to be very weak in the models and located too far south in the model ensemble 9 
mean. At lower latitudes, the Brazil/Malvinas/Falklands Confluence region is typically modelled too far to 10 
the north and offshore leading to regional temperature and salinity biases. 11 
 12 
Tropical Circulation 13 
Yokoi et al. (2009) showed that the CMIP3 models had significant problems in accurately representing the 14 
annual cycle of the Seychelles Chagos thermocline ridge in the South West Indian Ocean, a feature 15 
important for the Indian monsoon and tropical cyclone activity in this basin (Xie et al., 2002). These 16 
problems arise because the models have difficulty in capturing the asymmetric nature of the monsoonal 17 
winds over the basin resulting in a semi-annual harmonic in the local Ekman pumping over the ridge region 18 
being too weak compared to observations. In the tropical eastern Pacific, CMIP3 biases in meridional wind 19 
lead to model errors in equatorial SST and simulation of ENSO (De Szoeke and Xie, 2008). See also Section 20 
9.3.3.5 for equatorial evaluation (with relevance for ENSO). 21 
 22 
9.3.3.3.2 Simulation of glacial ocean circulation 23 
The simulations of the last glacial maximum (LGM -- 21000 years ago) provide additional information on 24 
the ability of climate model to simulate the thermohaline circulation and the characteristics of water masses. 25 
Reconstructions of the last glacial ocean circulation from sediment cores indicate that the regions of deep 26 
water formation in the North Atlantic were shifted southward and the boundary between North Atlantic Deep 27 
Water (NADW) and Antarctic Bottom Water (AABW) was substantially shallower than today and that the 28 
NADW formation was less intense (Curry and Oppo, 2005; Duplessy et al., 1988; McManus et al., 2004) . 29 
The comparison of PMIP2 simulations, including GCMs and model of intermediate complexity, show a wide 30 
range of model responses of the AMOC to the LGM forcing (Weber et al., 2007), some models reducing the 31 
strength of the AMOC and its extension at depth and other showing no change or an increase. The 32 
meridional density defined as the zonal and depth mean density at 20°S minus that at 25°N averaged over the 33 
lower 1000m provide a good criteria to compare model results (Weber et al., 2007). Otto-Bliesner et al. 34 
(Otto-Bliesner et al., 2007) compared the results of 4 PMIP2 simulations with the deep ocean data from 35 
Adkins et al. (Adkins et al., 2002) and [Figure 9.15 to be done] provides an update with the recent CMIP5 36 
simulations. These models reproduce relatively well the modern deep ocean temperature-salinity (T-S) 37 
structure in the Atlantic basin. Greater differences between models occur for the LGM simulations, stressing 38 
large inter model differences in LGM ocean heat and salt transports changes. All models show increase 39 
salinity, but only two of them produce a rather homogeneous temperature structure from north to south as 40 
observed. The sea-ice cover appears as a key factor in two of the models to explain the different behaviour 41 
(large brine rejection in CCSM). [To be updated when results are available.]  42 
 43 
[INSERT FIGURE 9.15 HERE] 44 
Figure 9.15: Temperature and salinity for modern (open symbols) and LGM (filled symbols) as estimated 45 
from data (with error bars) at ODP sites (Adkins et al., 2002) and predicted by the PMIP2 models. Site 981 46 
triangles) is located in the North Atlantic (Feni Drift, 55_N, 15_W, 2184 m). Site 1093 (upside down 47 
triangles) is located in the South Atlantic (Shona Rise, 50_S, 6_E, 3626 m). OnlyCCSMincluded a 1 psu 48 
adjustment of ocean salinity at initialization to account for fresh water frozen into LGMice sheets; HadCM, 49 
MIROC, and ECBilt LGM predicted salinities have been adjusted to allow comparison. Show quantitatively 50 
how deep-ocean properties can be evaluated for both modern and palaeoclimate. From (Otto-Bliesner et al., 51 
2007). 52 
 53 
9.3.3.4 Simulation of Surface Fluxes and Meridional Transports 54 
 55 
Additional heat and GHGs can be sequestered in the deeper ocean only where the ocean is ventilated, which 56 
mostly happens in the mid and high latitudes where the mixed layer deepens and allows a direct connection 57 
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between the surface and the deeper ocean. An accurate simulation of the mixed layer depth and structure is 1 
therefore important; both are closely connected to the surface fluxes of heat, freshwater, and momentum.  2 
 3 
9.3.3.4.1 Heat flux and meridional heat transport 4 
[PLACEHOLDER FOR FIRST ORDER DRAFT: Discuss time mean zonal mean total surface heat flux over 5 
the oceans (Figure to be included in Supplementary Material) as compared to reanalysis (ERA40, ERAint, 6 
OAFLUX, other. Change between CMIP3 and CMIP5. Describe relative contribution of radiative and 7 
turbulent HF components to errors in models. The ocean meridional heat transport is tightly connected to the 8 
surface heat flux. Discuss change between CMIP3 and CMIP5 + performance of simpler models + role of 9 
ocean model resolution. Contribution from advection (gyre + overturning). Meridional heat transport in the 10 
ocean (Figure to be included in Supplementary Material.). ] 11 
 12 
9.3.3.4.2 Fresh water flux and meridional salt transport 13 
[PLACEHOLDER FOR FIRST ORDER DRAFT: The zonal mean fresh water flux (Evaporation minus 14 
Precipitation plus continental Runoff) is evaluated in models (Figure to be included in the Supplementary 15 
Material [global or just North Atlantic to be decided]). This flux has several strong regional circulation 16 
controls (Arctic, AMOC, ACC, Bay of Bengal, …). Surface salinity integrates the surface fresh water flux 17 
and is hence a good indicator of model performance of this flux (Figure to be included in Supplementary 18 
Material: SSS). The meridional salt transport (Figure to be included in the Supplementary Material) gives an 19 
overview of the capacity of the models to connect sources and sinks of E-P+R (caveat: almost no 20 
observations to constrain this – re-analysis quality poor and diverse).] 21 
 22 
9.3.3.4.3 Momentum flux 23 
The main surface currents are wind driven. Hence a large fraction of the performance of ocean models in 24 
reproducing the former depend on the latter. 25 
 26 
The zonal mean zonal wind stress is shown in [Figure to be included in the Supplementary Material if no 27 
major change since AR4]. 28 
 29 
[Structure and link with model performance above to be discussed; map of wind stress curl could be added in 30 
Supplementary Material; as well as a diagnostic of meridional wind stress.] 31 
 32 
9.3.3.5 Simulation of Tropical Pacific Mean State and Annual Cycle 33 
 34 
[Other possible subsection on tropical/equatorial assessment (cold tongue error, double ITCZ…) to be 35 
considered; location to be clarified; includes: ocean, atmosphere, coupling and links between variability and 36 
mean state); considered for inclusion in Section 9.6, less ENSO-centric, and/or distributed in several 37 
subsections.] 38 
 39 
Simulating the time-mean properties in the tropics has continually been a challenge for coupled GCMs. 40 
Though most models can internally generate the fundamental mechanisms that drive El Niño properties, 41 
most models simulate a mean zonal equatorial wind stress that is too strong and that has an annual amplitude 42 
that is also too strong (Guilyardi et al., 2009b; Lin, 2007b; Lin, 2007a). This has profound effects on ENSO 43 
behaviour in that it limits the regimes in which interannual anomalies can develop. Indeed, several studies 44 
have shown that a large amplitude of the seasonal cycle usually implies a weak El Niño and vice versa 45 
(Fedorov and Philander, 2001; Guilyardi, 2006). Similarly, the meridional extent of the wind variability, of 46 
importance for ENSO phase change, is too confined near the equator (Capotondi et al., 2006; Zelle et al., 47 
2005). The “double Intertropical Convergence Zone (ITCZ)” problem, in which a symmetrization of the 48 
circulation across the equator leads to a spurious Southern Hemisphere ITCZ and is associated with 49 
excessive precipitation over much of the tropics, remains a major source of model error in simulating the 50 
annual cycle in the tropics (Lin, 2007a), and can ultimately impact the fidelity of the simulated El Niño 51 
(Guilyardi et al., 2003).  52 
 53 
Similarly, there are still large differences in how the models reproduce the mean state of the tropical ocean, 54 
including the mean thermocline depth and slope along the equator and the structure of the equatorial currents 55 
(Brown et al., 2010a). Along the equator in the Pacific, the models have difficulty capturing the correct 56 
intensity and spatial structure of the East Pacific cold tongue. Often, the simulated cold tongue is too 57 
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equatorially confined, extends too far to the west and is too cold (see Figure 4 of Reichler and Kim, 2008b). 1 
These recurrent biases, already present in CMIP1 fifteen years ago, arise from numerous factors including 2 
overly strong trade winds, leading to increased cooling via oceanic upwelling, mixing, and latent heat flux to 3 
the atmosphere; a diffuse thermocline structure, leading to improper sensitivity of SST to anomalous 4 
upwelling and vertical mixing; insufficient surface and penetrating solar radiation, and weak ocean vertical 5 
mixing in the subtropics, leading to subsurface temperature errors along the equator; and weak tropical 6 
instability waves, resulting in too little meridional spreading of SST anomalies during cold events (Lin, 7 
2007a; Meehl et al., 2001; Wittenberg et al., 2006).  8 
 9 
There are also errors in the tropical Pacific seasonal cycle, both in SST and wind: many models exhibit an 10 
overly strong seasonal cycle in the east Pacific and/or a spurious semi-annual cycle, possibly tied to the lack 11 
of sufficient meridional asymmetry in the background state (Guilyardi, 2006; Li and Philander, 1996; 12 
Timmermann et al., 2007) and/or errors in the water vapor feedbacks feedbacks (Wu et al., 2008). The lack 13 
of marine stratocumulus clouds in the eastern part of the tropical Pacific is still a major issue in CGCMs 14 
(Lin, 2007a), and, associated with a too weak coastal upwelling along the coast of Peru and Chili, leads to a 15 
warm bias in these regions. Nevertheless, the CMIP3 models show a clear improvement over previous 16 
generation models, as shown in AchutaRao and Sperber (2006) and Reichler and Kim (2008b). [to be 17 
updated with CMIP5 results] 18 
 19 
[Possible figures to illustrate this subsection: 20 
• SST, taux and depth of 20°C along equator (all longitudes, 1 curve per model) 21 
• Equatorial zonal current in longitude/depth Section for all models (in Supplementary Material) 22 
• Update of Figure 1 Guilyardi et al., BAMS, 2009 23 
• lon/time hovmoeller at equator (3 basins) of seasonal cycle of SST 24 
• lat/time precip in east Pac or other diags by Lin (double ITCZ) 25 
As space is an issue, we could have the figures in the Supplementary Material and just use some of the 26 
metrics developed in a table (given the number of models, not sure this would take less space).] 27 
 28 
9.3.3.6 Summary Ocean 29 
 30 
[PLACEHOLDER FOR FIRST ORDER DRAFT: To be done once CMIP5 results are fully analyzed.] 31 
 32 
9.3.4 Sea Ice  33 
 34 
Evaluation of AOGCM sea-ice component performance requires accurate information on ice concentration, 35 
thickness, velocity, salinity, snow cover and other factors. The most reliably measured characteristic of sea 36 
ice for model evaluation remains sea ice extent. Satellite passive microwave (PMW) sensors are the main 37 
data source for estimating sea ice extent and concentration. The accuracy of PMW retrieval algorithms has 38 
been examined in a number of studies, (e.g., Meier and Stroeve, 2008). Differences in total sea ice extent 39 
from different algorithms are as large as 1 million square kilometers. Most differences between PMW 40 
products tend to offset and thus trends and anomalies are generally in better agreement, than the absolute 41 
extent. Insufficiency of sea ice thickness observations remains an impediment for model evaluation; 42 
however, (Koldunov et al., 2010) have shown that the ECHAM5/MPI-OM AR4 simulation has significant 43 
ice thickness errors, which originate from the incorrectly simulated atmospheric state.  44 
 45 
[PLACEHOLDER FOR FIRST ORDER DRAFT: The following text is a placeholder until CMIP5 models 46 
are available for analysis.]  47 
 48 
Despite the significant differences between models, the CMIP5 multimodel means of sea ice extent in both 49 
hemispheres agree reasonably well with observations. The simulated mean extent (calculated from all grid 50 
cells with an ice concentration above 15%) departs from observed values by up to roughly 1 million km2 51 
throughout the year (Figure 9.16). This difference is of the same order as differences between various sea ice 52 
extent products. In many models, however, the regional distribution of sea ice is poorly simulated, even if 53 
the hemispheric extent is approximately correct.  54 
 55 
[INSERT FIGURE 9.16 HERE] 56 
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Figure 9.16: [PLACEHOLDER FOR FIRST ORDER DRAFT] Baseline climate (1980–1999) model mean 1 
sea ice extent seasonal cycle in the Northern (left) and Southern (right) hemispheres as simulated by CMIP3 2 
models (1 and solid) and observed (2 and dashed). The shaded are shows the intermodel standard deviation. 3 
The observed 15% concentration boundaries (red line) are based on the Hadley Centre Sea Ice and Sea 4 
Surface Temperature – HadISST data set (Rayner et al., 2003). [To be replaced by a similar figure for 5 
CMIP5 (for the AR5 baseline period 1986–2005).] 6 
 7 
There has been no dramatic increase in sophistication of sea ice treatment in CMIP5 AOGCMs compared to 8 
CMIP3. The improvement in simulating sea ice in the former, as a group, is not evident (compare Figure 9 
9.17 with AR4 Figure 8.10). In some models, however, the geographical distribution and seasonality of sea 10 
ice is now better reproduced. 11 
 12 
[INSERT FIGURE 9.17 HERE] 13 
Figure 9.17: [PLACEHOLDER FOR FIRST ORDER DRAFT] Baseline climate (1980–1999) sea ice 14 
distribution in the Northern Hemisphere (upper panels) and the Southern Hemisphere (lower panels) 15 
simulated by 17 of CMIP3 AOGCMc for March (left) and September (right). For each 2.5° × 2.5° longitude-16 
latitude grid cell, the figure indicates the number of models that simulate at least 15% of the area covered by 17 
sea ice. The observed 15% concentration boundaries (red line) are based on the Hadley Centre Sea Ice and 18 
Sea Surface Temperature – HadISST data set (Rayner et al., 2003). [To be replaced by a similar figure for 19 
CMIP5 (same period as above – thus comparable to that in AR4 Figure 8.10).] 20 
 21 
Sea ice is a product of atmosphere-ocean interaction. There are a number of ways in which sea ice is 22 
influenced by and interacts with the atmosphere and ocean, and the nature and magnitude of associated 23 
feedbacks, both positive and negative, are still poorly quantified. As noted in AR4, among the primary 24 
causes of biases in simulated sea ice extent, especially its geographical distribution, are problems with 25 
simulating high-latitude winds, ocean heat advection, vertical and horizontal mixing in the ocean. Also 26 
important are errors in surface energy fluxes, which may result from inadequate parameterisations of the 27 
atmospheric boundary layer in high latitudes and from generally poor simulation of polar cloudiness which is 28 
evident from the large inter-model scatter. Potentially important small scale processes, such as convection in 29 
brine pockets or in melt ponds, are not included in the sea ice components of current AOGCMs. Possible 30 
impacts of black carbon aerosols that induce atmospheric warming and black carbon on snow and ice that 31 
decreases the surface albedo have not yet been examined in AOGCMs.  32 
 33 
The CMIP5 models appear to have limited abilities to generate sufficient unforced atmospheric variability 34 
(as found for CMIP3 ECHAM5/MPI-OM by Koldunov et al., 2010). The major Arctic warming event from 35 
the 1920s through the 1940s [is/is not] simulated better in CMIP5 compared to CMIP3. On the other hand, at 36 
least some of the CMIP5 models do simulate rapid changes in the Arctic sea ice due mainly to natural 37 
variability (Figure 9.18). 38 
 39 
[INSERT FIGURE 9.18 HERE] 40 
Figure 9.18: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure showing CMIP5 model ability to 41 
generate natural (unforced) variability of sea ice extent. [Placeholder Figure from Holland et al., 2008.] 42 
 43 
9.3.5 Land Surface, Fluxes, and Hydrology  44 
 45 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 46 
 47 
9.3.5.1 Surface Fluxes 48 
 49 
The primary role of land surface schemes within climate models has been to calculate surface-to-atmosphere 50 
fluxes of heat, water and momentum. Offline intercomparison studies such as PILPS (the “Project for 51 
Intercomparison of Land-Surface Parameterisation Schemes”; Henderson-Sellers et al., 1995) have 52 
historically been very useful in highlighting the differences between the surface energy and water 53 
partitioning simulated by different land models, even when they are driven by identical observed 54 
meteorological variables. At the time of the IPCC AR4 the impacts of these land model differences were also 55 
being detected in atmosphere-only climate simulations. Comparison of the surface water balance simulated 56 
by 20 atmospheric global circulation models, against observations over Global Energy and Water Cycle 57 
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Experiment Coordinated Enhanced Observing Period basins, identified differences arising from both the 1 
simulation of precipitation and also differences in the partitioning of that precipitation into evaporation and 2 
runoff (Irannejad and Henderson-Sellers, 2007). The key uncertainty remains the simulation of soil moisture 3 
in these models, which controls both the water and energy balance at the land-surface. 4 
 5 
The increasing availability of eddy-covariance flux measurements, such as FLUXNET (Baldocchi et al., 6 
2001), has made it possible for land-surface modellers to calibrate and validate their models against direct 7 
observations of surface energy and water fluxes. This has undoubtedly led to improvements in the 8 
performance of individual land models (Friend et al., 2007; Stockli et al., 2008; Blyth et al., 2010), but there 9 
is as yet no evidence of a reduction in the overall range of land model responses, partly because a necessary 10 
increase in the complexity of land models for Earth System modelling applications. 11 
 12 
9.3.5.2 Soil Moisture and Land-Atmosphere Coupling 13 
 14 
Soil moisture provides the land-surface with a memory of past anomalies in precipitation and surface 15 
radiation, and also influences future anomalies in these climate variables through its control over 16 
evaporation. The soil moisture-precipitation feedback is amplifying in most regions, such that a dry anomaly 17 
in soil moisture reduces subsequent precipitation which tends to maintain the anomaly. Prior to the IPCC 18 
AR4 it became clear that the strength of the coupling between soil moisture and precipitation varied widely 19 
between climate models even though the pattern of land-atmosphere “hotspots” was broadly agreed upon 20 
(Koster et al., 2004). Soil moisture is a particularly strong control on climate in semi-arid areas (Koster et al., 21 
2004; Seneviratne et al., 2010). In some regions, such as the Sahel, land-atmosphere coupling may even be 22 
strong enough to support two alternative climate-vegetation states; one wet and vegetated, the other dry and 23 
desert-like.  24 
 25 
Since the AR4 there have been a number of studies looking at the role of land-atmosphere coupling in the 26 
persistence of summer droughts (Fischer et al., 2007b), and high-temperature extremes (Hirschi et al., 27 
2011a). Comparison of climate model simulations to observations suggests that the models correctly 28 
represent the soil-moisture impacts on temperature extremes in south-eastern Europe, but overestimate them 29 
in central Europe (Hirschi et al., 2011a). Climate change is expected to increase the extent of semi-arid areas 30 
on the globe, and so a better understanding and quantification of the relevant processes would significantly 31 
help to reduce uncertainties in future-climate scenarios (Seneviratne et al., 2010). 32 
 33 
9.3.5.3 Dynamic Global Vegetation and Nitrogen Cycling 34 
 35 
At the time of the IPCC AR4 very few climate models included dynamic vegetation, with vegetation cover 36 
being prescribed and fixed in all but a handful of coupled climate-carbon cycle models (Friedlingstein et al., 37 
2006). Dynamic Global Vegetation Models (DGVMs) certainly existed at the time of the AR4 (Cramer et al., 38 
2001) but these were not typically incorporated in climate models. Since the IPCC AR4 there has been 39 
continual development of offline DGVMs, and many of the climate modelling centres now also incorporate 40 
dynamic vegetation in at least a subset of the runs that they have submitted to the IPCC AR5. 41 
 42 
In the absence of nitrogen limitations on CO2 fertilization, offline DGVMs agree qualitatively that CO2 43 
increase alone will tend to enhance carbon uptake on the land while the associated climate change will tend 44 
to reduce it. There is also good agreement on the degree of CO2 fertilization in this limit of no nutrient 45 
limitation (Sitch et al., 2008). However, under more extreme emissions scenarios the responses of the 46 
DGVMs diverge markedly. Large uncertainties are associated with the responses of tropical and boreal 47 
ecosystems to elevated temperatures and changing soil moisture status. Particular areas of uncertainty are the 48 
high-temperature response of photosynthesis (Galbraith et al., 2010), and the extent of CO2 fertilization 49 
(Rammig et al., 2010) in Amazonian rainforest. 50 
 51 
Most of the DGVMs used in the AR5 models continue to neglect nutrient-limitations on plant growth, even 52 
though these may significantly moderate the response of photosynthesis to CO2 (Wang and Houlton, 2009). 53 
Recent extensions of two DGVMs to include nitrogen limitations to CO2-fertilization improve the fit of these 54 
models to “Free-Air CO2 Enrichment Experiments”, and suggest that AR5 models without these limitations 55 
will most likely overestimate the land carbon sink in the nitrogen-limited mid and high latitudes (Thornton et 56 
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al., 2007; Zaehle et al., 2010b). By contrast, tropical ecosystems are thought to be phosphorus rather than 1 
nitrogen limited.  2 
 3 
9.3.5.4 Land-Use Change  4 
 5 
Another major innovation in the land component of the AR5 climate models is the inclusion of land-use 6 
change. Changes in land-use associated with the spread of agriculture and urbanization and deforestation 7 
affects climate by altering the biophysical properties of the land-surface, such as its albedo, aerodynamic 8 
roughness and water-holding capacity (Bondeau et al., 2007; Bonan, 2008; Levis, 2010). Land-use change 9 
also contributes about 20% to global anthropogenic CO2 emissions, and affects emissions of trace gases, and 10 
volatile organic compounds such as isoprene. Despite the key role of land cover change at regional scales, 11 
climate model projections from IPCC AR4 excluded anthropogenic land-cover change.  12 
 13 
There has been significant progress on modeling the role of land cover change since the IPCC AR4 (Pielke et 14 
al., 2007), with the first systematic study demonstrating that large-scale land cover change directly and 15 
significantly affects regional climate (Pitman et al., 2009). However, climate models currently simulate 16 
rather different response of the climate even to the same imposed land-cover change (Pitman et al., 2009). 17 
 18 
9.3.5.5 The Impact of Different Atmospheric Pollutants 19 
 20 
Vegetation is affected differently by different atmospheric pollutants, and this means that the effects of 21 
changes in atmospheric composition on vegetation, and feedbacks to climate, cannot be understood purely in 22 
terms of radiative forcing (Huntingford et al., 2011). There have been advances in representing the relevant 23 
processes in land models since the IPCC AR4. 24 
 25 
CO2 increases affect the land through climate change, but also directly through CO2-fertilization of 26 
photosynthesis, and ‘CO2-induced stomatal closure’ which tends to increase plant water-use efficiency. 27 
Observational studies have shown a direct impact of CO2 on the stomatal pores of plants, which regulate the 28 
fluxes of water vapor and CO2 at the leaf surface. In a higher CO2 environment, stomata typically reduce 29 
their opening since they are able to take up CO2 more efficiently. By transpiring less, plants increase their 30 
water-use efficiency, which consequently affects the surface energy and water balance. If transpiration is 31 
suppressed via higher CO2, the lower evaporative cooling may also lead to higher temperatures (Cruz et al., 32 
2010). There is also the potential for significant positive impacts on freshwater resources, but this is still an 33 
area of active debate (Gedney et al., 2006; Piao et al., 2007; Betts et al., 2007).  34 
 35 
By contrast, increases in near surface ozone have strong negative impacts on vegetation by damaging leaves 36 
and their photosynthetic capacity. As a result historical increases in near surface ozone have probably 37 
suppressed land carbon uptake and therefore increased the rate of growth of CO2 in the 20th century. Sitch et 38 
al. (2007) estimate that this indirect forcing of climate change almost doubles the contribution that near-39 
surface ozone made to 20th century climate change. 40 
 41 
Atmospheric aerosol pollution also has a direct impact on plant physiology by changing the quantity and 42 
nature of the sunlight reaching the land-surface. Increasing aerosol loadings from around 1950 to 1980, 43 
associated predominantly with the burning of sulphurous coal, reduced the amount of sunlight at the surface, 44 
which has been coined ‘global dimming’ (Wild et al., 2006). Since plants need sunlight for photosynthesis, 45 
we might have expected to see a slow-down of the land carbon sink during the global dimming period, but 46 
we didn’t. Mercado et al. (2009b) offer an explanation for this based on the fact that plants are more light-47 
efficient if the sunlight is ‘diffuse’. Aerosol pollution would certainly have scattered the sunlight, making it 48 
more diffuse, as well as reducing the overall quantity of sunlight reaching the surface. It has been estimated 49 
that ‘diffuse radiation fertilization’ won this battle, enhancing the global land-carbon sink by about a quarter 50 
from 1960 to 2000 (Mercado et al., 2009b). This would also imply a potential decline in the land carbon sink 51 
as atmospheric aerosol loadings reduce 52 
 53 
9.3.6 Carbon cycle 54 
 55 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 56 
 57 
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9.3.6.1 The Terrestrial Carbon Cycle 1 
 2 
Current dynamic global vegetation models can reproduce the observed land-atmosphere fluxes of CO2 to 3 
within 30% and can replicate the greater carbon uptake observed in the 1990s compared to the 1980s (Sitch 4 
et al., 2008). However, several coupled biogeochemistry/land-surface underestimate the seasonal amplitude 5 
of CO2 in the northern hemisphere by factors of 2 to 3 (Randerson et al., 2009). This conclusion is quite 6 
model dependent, however, as the fully coupled Earth system models evaluated by Cadule et al (2010) 7 
exhibit much greater skill in simulating the amplitude of the seasonal cycle. The phasing of the annual cycle 8 
in CO2 over northern latitudes is generally accurate, and the timing of observed spring drawdown of CO2 is 9 
reproduced to within 1 month in the tropics with increasing phasing errors between 60ºN and 90ºN. Much 10 
larger phase errors emerge in some ESMs for remote regions near the South Pole (Cadule et al., 2010). 11 
 12 
The accurate simulation of the Amazon is important for representing its buffering of atmospheric CO2 and 13 
for projecting the effects of climate change on the amount of carbon stored in the Amazonian forests (Lewis 14 
et al., 2011). While two biogeochemical sub-models within the context of CCSM reproduced the gross 15 
primary productivity (GPP) of the Amazonian forests to within 14% (Lewis et al., 2011), the models 16 
overestimate the above-ground live biomass by between 130 and 190% and underestimate the carbon stored 17 
in soils by between –33 to –40% (Randerson et al., 2009). The overestimation of live biomass in the Amazon 18 
is attributable to parametric errors including excessive allocation of net primary productivity (NPP) to wood 19 
and underestimation of the flow of GPP to autotrophic respiration.  20 
 21 
The accurate reproduction of Amazonian GPP is qualitatively consistent with results from an 22 
intercomparison of CO2 exchange at 44 sites in North America, which shows that the simulated net 23 
ecosystem exchange (NEE) in forested areas has normalized mean absolute errors of between –0.7 and –1.1 24 
(Schwalm et al., 2010). Errors in other biomes with significant seasonal cycles in leaf area index are much 25 
larger, and in general the mean squared distance between models and observations of NEE is ~10 times the 26 
observational uncertainty. Model skill is only weakly correlated with elevated levels of drought (Schwalm et 27 
al., 2010), which is a necessary but not sufficient condition for maintenance of skill under systematically 28 
drier conditions projected for 2100 over the tropics and subtropics.  29 
 30 
Wildland and human-induced fires contribute approximately 2.3 PgC yr–1 to the atmosphere based upon 31 
estimates for 1997–2004 (Randerson et al., 2009). Inadequate parameterisations of fires can lead to 32 
underestimation of this flux by a factor of 3 and to errors in its spatial and temporal variability caused by 33 
deforestation-linked fires and the effects of drought. Recent advances in parameterisations yield reasonably 34 
good agreement between simulated emissions and satellite-based retrievals on interannual timescales 35 
(Kloster et al., 2010).  36 
 37 
9.3.6.2 The Oceanic Carbon Cycle 38 
 39 
Recent advances in the observational evaluation of ecosystem-biogeochemical ocean models include new 40 
diagnostic frameworks designed for quantitative multi-model intercomparisons (Doney et al., 2009) and 41 
protocols to evaluate the impact of ocean circulation on the marine carbon cycle, including export 42 
production, dissolved organic matter, and dissolved oxygen (Najjar et al., 2007). Similar error structures 43 
appear in the regional patterns and seasonal cycles of multiple independent variables dependant on the 44 
underlying physical ocean model. The findings support earlier studies that show that the empirical fidelity in 45 
the biological properties of ecosystem-biogeochemical models is contingent on corresponding levels of 46 
accuracy in properties of the simulated physical ocean system (Doney et al., 2009; Najjar et al., 2007), in 47 
particular the SSTs, mixed-layer depths (MLDs), upwelling rates, and vertical structure near the surface. 48 
Current AOGCMS produce quite skilful simulations of present-day temperatures with pattern correlations to 49 
the observations approaching 0.98 and temporal normalized standard deviations very close to 1 (Schneider et 50 
al., 2008). The simulated MLDs at low latitudes also correspond reasonably well to observations, but the 51 
models overestimate the MLDs in the intermediate and northern extratropics by up to a factor of two. 52 
 53 
Evaluation of OBGC models has been performed within C4M studies with a focus on regional implications 54 
of climate change for oceanic uptake of CO2 (Roy et al., 2011); a similar framework will be applied in the 55 
near future for evaluating CMIP5 OBGC models. Declining rates of net ocean CO2 uptake that have been 56 
observed in the temperate North Atlantic are broadly reproduced by historical hindcast simulations with 57 
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oceanic ecology-biogeochemistry models (Thomas et al., 2008). These trends represent a superposition of 1 
interannual variability associated with the NAO and with secular trends in surface warming. The positive 2 
trend in observed sea-air CO2 partial pressure differences between 1997 and 2004, which is indicative of 3 
reduced oceanic uptake or greater outflow of CO2, is also simulated in the hindcasts. However, models that 4 
have been evaluated against estimates surface chlorophyll concentrations cannot reproduce the regime shifts 5 
observed in the Northern Atlantic since 1948 (Henson et al., 2009) or the broad-scale shifts from lower to 6 
higher biomass-normalized primary productivity between the 1980s and 1990s (Friedrichs et al., 2009). The 7 
greater skill in reproducing surface CO2 fields compared to ecological variables including chlorophyll 8 
concentrations is consistent with the relative skills in these fields observed by Doney et al (2009). The errors 9 
in reproduction of decadal regime shifts are due to challenges in modelling the phytoplankton community 10 
structure, the impact of the Gulf Stream on biological variability downstream, and transitions between 11 
ecological states (Henson et al., 2009). 12 
 13 
9.3.7 Sulfur Cycle 14 
 15 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 16 
 17 
9.3.7.1 Recent Trends in Regional and Global Sulphate Burdens and Effects on Insolation 18 
 19 
The historical emissions data used to drive the CMIP5 simulations of the 20th century reflect two recent 20 
trends in regional and global anthropogenic SO2 emissions spanning 1980 to present. During the last three 21 
decades, anthropogenic emissions of SO2 from North American and Europe have declined due to the 22 
imposition of emission controls while the emissions from Asia have increased. In Europe, land-based 23 
emissions decreased by 70% between 1980 and 2000 resulting in a drop from 55 TgSO2 emitted in 1980 to 24 
15 TgSO2 released in 2004. In the United States, model-estimated emissions declined by 26.3% between 25 
1985 and 2000. Over that same time period, Asian emissions of SO2 increased by 31.5%, although the 26 
growth was reversed between 1995 to 2000 when emissions declined from 38.5 TgSO2 to 34.4 TgSO2 due to 27 
a variety of industrial and societal factors including the introduction of emission-abatement policies in 28 
China. Subsequent economic growth has resulted in an increase in Chinese emissions of 53% from 21.7 to 29 
38.5 TgSO2 between 2000 and 2006. The combination of the European, North American, and Asians trends 30 
has yielded a global reduction in SO2 emissions by 24% between 1987 and 2000. 31 
 32 
The effects of these changes in emissions on the total atmospheric sulphate burden can be simulated using 33 
chemical transport models (CTMs) forced with meteorological reanalyses. The results from these CTMs can 34 
be used to evaluate the historical simulations of sulphate burdens from ESMs. The CTM calculations show 35 
that each 1% decrease in European emissions of SO2 yields a 0.65% reduction in modeled sulphate burden 36 
while each 1% increase in Asian emissions yields a 0.88% increase in sulphate burdens. The reason is that 37 
emissions have generally moved southward to regions where the in-cloud oxidation process is less oxidant 38 
limited. In-cloud oxidation converts SO2 to SO4 and comprises 71% of the global sulphate production rate 39 
under present conditions.  40 
 41 
The effects of sulphate and other aerosol species on surface insolation through direct and indirect forcing 42 
appear to be one of the principal causes of the “global dimming” between the 1950s and 1980s and 43 
subsequent “global brightening” in the last two decades. This inference is supported by the correlative trends 44 
in aerosol optical depth and by trends in surface insolation under cloud-free conditions. Thirteen out of 45 
fourteen AR4 climate models examined by (Ruckstuhl and Norris, 2009) produce a transition from 46 
“dimming” to “brightening” that is consistent with the timing of the transition from increasing to decreasing 47 
global anthropogenic aerosol emissions in the data sets input to the AR4 models.  48 
  49 
9.3.7.2 Principal Sources of Uncertainty in Projections of Sulphate Burdens 50 
 51 
In contrast to the AR4 multi-model simulation ensemble, the CMIP5 ensemble is based upon a single 52 
internally consistent set of SO4 concentrations and SO2. The use of a single set of emissions removes an 53 
important, but not dominant, source of uncertainty in the AR5 simulations of the sulphur cycle. In 54 
experiments based upon a single chemistry-climate model with perturbations to both emissions and to 55 
sulphur-cycle processes, uncertainties in emissions accounted for 53.3% the ensemble variance (Ackerley et 56 
al., 2009). The next largest source of uncertainty is associated with the wet scavenging of sulphate, which 57 
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accounts for 29.5% of the intra-ensemble variance and represents the source/sink term with the largest 1 
relative range in the aerosol models evaluated by AeroCom (Faloona, 2009). Similarly, AeroCom 2 
simulations run with heterogeneous or harmonized emissions data sets yielded approximately the same 3 
intermodal standard deviation in sulphate burden of 25 Tg for both sets of experiments. These results show 4 
that a dominant fraction of the spread among the sulphate burdens produced by chemistry-climate models are 5 
primarily due to differences in the treatment of chemical production, transport, and removal from the Earth’s 6 
atmosphere (Liu et al., 2007; Textor et al., 2007).  7 
 8 
Natural sources of sulphate from oxidation of natural dimethylsulphide (DMS) emissions from the ocean 9 
surface are not specified under the RCP protocol and therefore represent an additional source of uncertainty 10 
in the sulphur cycle simulated by the CMIP5 ensemble. In simulations of present-day conditions, DMS 11 
emissions span a 5 to 95% confidence interval of 10.7 to 28.1 TgS yr–1 (Faloona, 2009). After chemical 12 
processing, DMS contributes between 18 to 42% of the global atmospheric sulphate burden and up to 80% of 13 
the sulphate burden over most the southern hemisphere (Carslaw et al., 2010). The effects from differences 14 
in DMS emissions and its subsequent oxidation to sulphate on sulphate burdens in the CMIP5 ensemble 15 
remain to be quantified. 16 
 17 
9.4 Simulation of Variability and Extremes  18 
 19 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 20 
 21 
9.4.1 Introduction 22 
 23 
The ability of a model to simulate the mean climate, and the slow, externally-forced change in that mean 24 
state, is important and was evaluated in the previous Section. However, the ability to simulate climate 25 
variability, both unforced natural variability and forced variability (e.g., diurnal and seasonal cycles) is also 26 
important. This has implications for the signal-to-noise estimates inherent in climate change detection and 27 
attribution studies where low-frequency climate variability must be estimated, at least in part, from long 28 
control integrations of climate models. It also has implications for the ability of models to make quantitative 29 
projections of changes in climate variability and the statistics of extreme events under a warming climate. In 30 
many cases, the impacts of climate change will be experienced more profoundly in terms of the frequency, 31 
intensity or duration of extreme events (e.g., heat waves, droughts, extreme rainfall events). The ability to 32 
simulate climate variability is also a central to the topic of climate prediction, since it is the ability to 33 
simulate the specific evolution of the varying climate system, beyond that due to the response to external 34 
forcing, that provides useful predictive skill. 35 
 36 
Evaluating model simulations of climate variability also provides a means to explore the representation of 37 
certain processes, such as the coupled processes underlying the El Niño Southern Oscillation (ENSO) and 38 
other important modes of variability. A model’s representation of the diurnal or seasonal cycle – both of 39 
which represent responses to external (rotational or orbital) forcing – may also provide some insight into a 40 
model’s ‘sensitivity’ and by extension, the ability to respond correctly to greenhouse gas, aerosol, volcanic 41 
and solar forcing. 42 
 43 
In this Section we will also investigate the extent to which biases in the simulation of the mean climate and 44 
its long-term evolution (Section 9.3) are related to biases in variability, and we will explore to some extent 45 
model features, such as resolution, that may affect the simulation of variability, particularly aspects such as 46 
atmospheric blocking and convective precipitation events. 47 
 48 
9.4.2 Diurnal and Seasonal Cycles  49 
 50 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 51 
 52 
9.4.2.1 Diurnal and Seasonal Cycle of Physical Climate Variables 53 
 54 
The diurnally varying input of energy by the sun is one of the most strongly forced external modes of the 55 
climate system. Through complex interactions of solar radiation with the land surface and vegetation as well 56 
as the upper-most layers of the ocean and the transfer of energy from the surface to the lower layers of the 57 
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atmosphere, the varying energy supply leads to strong and easily observable diurnal variations not only in 1 
surface and near-surface temperature, but also precipitation, low level stability and winds, and many other 2 
geophysical parameters. As landscapes respond to the strong diurnal forcing at different timescales, most 3 
prominently land and ocean, even more complex diurnal patterns can emerge near topographic features, in 4 
particular coastlines. As the diurnal cycle of many of the ECVs depends on complex interactions of many 5 
different physical processes, an evaluation of the diurnal cycle in climate models is an attractive way of 6 
evaluating process interactions in the models. The main focus of this Section is the evaluation of the diurnal 7 
cycle of temperature and precipitation, although some examples for other variables, such as low-level winds 8 
and surface exchanges will also be given.  9 
 10 
This paragraph should describe the evaluation of the diurnal cycle of temperature both over land and over the 11 
ocean, similar to the work of (Dai and Trenberth, 2004) but extended to all models. Models tend to capture 12 
the overall amplitude and phase of the diurnal cycle well over land, but tend to not have much of a diurnal 13 
cycle over the ocean. The importance of the diurnal variations of sea surface temperature has only recently 14 
been recognized and coupled models have begun to include it (Bernie et al., 2008; Danabasoglu et al., 2006; 15 
Ham et al., 2010b). In some models the inclusion of diurnally varying SST has led to a significant reduction 16 
in some long-standing model biases, such as cold biases in the tropical Pacific (Bernie et al., 2008; Ham et 17 
al., 2010b) as well as to improved simulations of the MJO (Bernie et al., 2008). 18 
 19 
Due to the complex interactions of many physical processes the simulation of the diurnal cycle of 20 
precipitation over land remains one of the biggest challenges in climate modelling. GCMs have been shown 21 
in the past to have difficulties to correctly simulate the diurnal cycle of precipitation over land, in particular 22 
when convective processes are involved, as is frequently the case of tropical land and extratropical land areas 23 
in summer. Many of the CMIP3 models showed the well-known model error of a rainfall peak too early in 24 
the day (Dai, 2006) and of rainfall occurring too frequently at too low an intensity in many models (Dai, 25 
2006; Stephens et al., 2010). In the CMIP5 models this situation has [improved/not changed/deteriorated – 26 
awaiting results]. Several studies have attempted to identify the reasons for the poor model behaviour by 27 
carrying out sensitivity studies (Betts and Jakob, 2002; Zhang and Klein, 2010) [to be updated with more 28 
recent examples]. Increased atmospheric model resolution (Ploshay and Lau, 2010) as well as the inclusion 29 
of the super-parameterisation approach (Khairoutdinov et al., 2005) or very high-resolution simulations of 30 
short duration (Sato et al., 2009) have shown significant promise for improvements to the simulation of the 31 
diurnal cycle of precipitation, although the physical reasons for these improvements remain poorly 32 
understood.  33 
 34 
While much of the focus of diurnal cycle studies is naturally on temperature and precipitation, several other 35 
important diurnal variations have been evaluated in GCMs, such as the simulation of the diurnal cycle of low 36 
–level winds [reference to upcoming Gabls publications needed] as well as the simulation of diurnally driven 37 
low-level jets [to be confirmed/references needed]. The diurnal cycle of surface energy and water fluxes has 38 
also been extensively evaluated using a variety of observations and process modelling approaches. [Text 39 
referencing figures related to diurnal cycle, examples of which are provided in Figures 9.19 and 9.20, to be 40 
included.]  41 
 42 
[INSERT FIGURE 9.19 HERE] 43 
Figure 9.19: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure for diurnal cycle of temperature 44 
(from Dai and Trenberth, 2004). This could be replaced by a harmonic analysis of phase and amplitude, 45 
which would reduce it to two panels, or by selected line graphs, which would allow for all models to be 46 
shown.  47 
 48 
[INSERT FIGURE 9.20 HERE] 49 
Figure 9.20: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure for the evaluation of diurnal cycle of 50 
precipitation (example figure from Dai, 2006). Line plots are proposed for main report, maps for 51 
supplementary material. Those figures could be replaced by a harmonic analysis of phase and amplitude. 52 
 53 
[PLACEHOLDER FOR FIRST ORDER DRAFT: Text to be added on seasonal cycle.] Figure 9.21 showing 54 
model errors in simulating aspects of seasonal cycle. 55 
 56 
[INSERT FIGURE 9.21 HERE] 57 
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Figure 9.21: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure illustrating CMIP5 models’ ability to 1 
simulate general features of the seasonal cycle. Placeholder figure is from the AR4.] 2 
 3 
9.4.2.2 Diurnal and Seasonal Cycle of Vegetation and Carbon Cycle 4 
 5 
[PLACEHOLDER FOR FIRST ORDER DRAFT: to be completed with CMIP5 results] 6 
 7 
9.4.2.3 Large Scale Monsoon Circulation  8 
 9 
The global monsoon is the dominant mode of annual variation in the tropics (Trenberth et al., 2000; Wang 10 
and Ding, 2008). Given the billions of people that fall under its influence, high fidelity simulation of the 11 
mean monsoon and its variability is of great importance (Sperber et al., 2010; Wang et al., 2006) Assessment 12 
diagnostics and metrics of a models ability to simulate the monsoon domain and its intensity were introduced 13 
by Wang and Ding (Wang and Ding, 2008) As shown in Figure 9.22 these measures are based on the 14 
hemispheric summer minus winter values, providing a large-scale view of the Earth’s monsoon systems in 15 
terms or precipitation and circulation (Kim et al., submitted). The CMIP3 multi-model ensemble (MME) 16 
generally reproduces the observed spatial patterns but somewhat underestimates the extent and intensity, 17 
especially over Asia and for the North American Monsoon. Metrics for the performance of the individual 18 
models are given in Figure 9.23, which shows the circulation vs. precipitation plots for (a) the pattern 19 
correlation for intensity and (b) the threat scores for representing the monsoon domain. Relative to 20 
observations, Figure 9.23a shows that the pattern correlation of intensity for the circulation is better 21 
simulated than the pattern correlation of precipitation intensity. Similarly, the Figure 9.23b threat scores (a 22 
categorical metric, (Wilks, 1995) indicate that the circulation domain is better represented than is the 23 
precipitation domain. Consistent with previous generations of models (Sperber and Palmer, 1996; Sperber 24 
and Grp, 1999), the circulation is better represented than the precipitation. Importantly, the results indicate 25 
that models with the greater skill in simulating the precipitation also have better skill at representing the 26 
circulation. [to be updated with CMIP5 results and new reference] 27 
 28 
[INSERT FIGURE 9.22 HERE] 29 
Figure 9.22: [PLACEHOLDER FOR FIRST ORDER DRAFT: Proposition with CMIP5 / CMIP3 results] 30 
The approximate extent of the global monsoon domain (solid line) and monsoon intensity (shading) are 31 
shown for precipitation (a and b) and 850hPa wind speed (c and d). The monsoon domain is defined where 32 
the local summer-minus-winter precipitation rate (850hPa windspeed) exceeds 2.5 mm/day (2.5 m/s). (a) and 33 
(c) are based on GPCP precipitation and NCEP/DOE Reanalysis-2, respectively. (c) and (d) show the multi-34 
model mean from the CMIP3 20c3m simulations. After Kim et al. (2011) 35 
 36 
[INSERT FIGURE 9.23 HERE] 37 
Figure 9.23: [PLACEHOLDER FOR FIRST ORDER DRAFT: Proposition this kind of figure with CMIP5 38 
results] Evaluation of the CGCMs’ performance on the climatological global monsoon intensity (left) and 39 
domain (right). The regression coefficient is shown in lower-right corner of each panel. The domain used is 40 
0°–360°E, 40°S–45°N. The threat score has a range of 0–1, with 1 indicating perfect agreement with 41 
observations. After Kim et al. (2011) 42 
 43 
Large variations of the monsoon systems have been recorded in paleo proxy records (see chapter5). They 44 
show for example that the boreal summer monsoon was stronger and penetrated further inland during the 45 
mid-Holocene in response to a larger seasonal cycle of insolation in the northern Hemisphere (and smaller 46 
seasonal cycle in the Southern Hemisphere). The representation of the northward shift of the rainbelt in the 47 
Sahel region has improved (or not) in the last generation of climate models [to be updated from 48 
CMIP3/CMIP5], even though most models still underestimated the amount of precipitation north of 18°N 49 
(Braconnot et al., 2007b). Comparison with data syntheses over East Asia show that the PMIP2 simulations 50 
reproduce well the precipitation in China except for in the central parts of China, but that the model spread is 51 
large (Wang et al., 2010). 52 
 53 
9.4.2.4 Monsoon and Intraseasonal Variability 54 
 55 
Intraseasonal (ISO, 30–70 day) variations are a key component of the monsoon, modulating convection 56 
across the tropics. There is some evidence that models that are better able to simulate the seasonal mean 57 
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climate tend to better simulate intraseasonal variability, particularly in the monsoon region (Kim et al., 1 
2008). During the boreal winter the eastward propagating ISO (know as the Madden-Julian Oscillation) 2 
predominantly impacts the deep tropics, while during the boreal summer there is also northward propagation 3 
over much of southern Asia (Annamalai and Sperber, 2005). The simulation of the Madden-Julian 4 
Oscillation is still a challenge for climate models (Kim et al., 2009; Lin et al., 2006; Sperber et al., in press; 5 
Xavier et al., 2010). However, contrary to the previous generation of models (Waliser et al., 2003). Sperber 6 
and Annamalai (Sperber and Annamalai, 2008) showed that the CMIP3 models were able to simulate 7 
eastward propagating intraseasonal convection over the Indian Ocean, though only two of seventeen were 8 
able simulate the observed northward propagation during boreal summer. 9 
 10 
Coordinated efforts have been undertaken to improve our understanding of monsoon intraseasonal variability 11 
(Hendon et al., submitted; Sperber and Annamalai, 2008) and to design diagnostics and metrics for model 12 
evaluation (Kim et al., 2009) (CLIVAR MJOWG 2009). For example, using lead-lag temporal correlations 13 
of the two leading principal component time series, the maximum positive correlation and the time lag at 14 
which it occurs provides information about how well models simulate eastward propagation and its 15 
associated time scale. The maximum positive correlations presented in Figure 9.4.2.6 indicate that all of the 16 
CMIP3 models have less coherent eastward propagation compared to observations  17 
 18 
[INSERT FIGURE 9.24 HERE] 19 
Figure 9.24: [PLACEHOLDER FOR FIRST ORDER DRAFT] (From Kim et al., 2009) illustrating model 20 
performance in simulating MJO.  21 
 22 
[To be updated. Process-oriented diagnostics and metrics are in development, and they should provide 23 
insight in to the reasons why simulation of the MJO is challenging.] 24 
 25 
9.4.3 Simulation of Variability Around the Mean State  26 
 27 
The mean climate is by definition the time average of the numerous time scales at which the climate 28 
components vary. In addition to the annual and diurnal cycles, directly forced by the sun and described 29 
above, a number of other modes of variability arise from interactions (or feedbacks) between the various 30 
components on a number of time and space scales. Here we limit the scope to the modes of variability whose 31 
timescales ranges from a few weeks (e.g., blocking regimes) to multi-decadal features that can modulate the 32 
centennial trend arising from changes in GHGs. Most of these modes have a particular regional 33 
manifestation. The observational record is sometimes too short to fully evaluate the representation of 34 
variability in models and this motivates the use of re-analysis or proxies, even though these have their own 35 
limitation. In the following, we emphasize recent research on the interactions between modes of variability 36 
via teleconnections, the processes involved, and model improvements since the AR4.  37 
 38 
9.4.3.1 High Latitudes Modes 39 
 40 
The Northern and Southern Annular modes (respectively, NAM and SAM) are the dominant modes in the 41 
extra-tropical circulation in both hemisphere on time scales from the intra-seasonal to the interdecadal 42 
(Thompson and Wallace, 2000). Gerber et al. (2008) showed that the CMIP3 coupled models captured the 43 
broad temporal features of both modes as well as their main inter-hemispheric differences. However, models 44 
substantially over-estimated the time scales, particularly during austral spring and summer, and showed 45 
much broader annual cycles than found in re-analyses for either hemisphere. The latter problem is 46 
particularly evident in the Northern Hemisphere where only the multi-model ensemble mean showed a 47 
robust annual cycle, although the time of peak activity was delayed by a month relative to that in the re-48 
analyses. There are also considerable biases in the Southern Hemisphere eddy-driven jet stream in the 49 
CMIP3 models (Kidston and Gerber, 2010). In terms of the spatial patterns, (Raphael and Holland) showed 50 
that coupled models produce a clear SAM but that there are relatively large differences between models in 51 
terms of the exact shape and orientation of this pattern. Karpechko et al. (2009) found that the CMIP3 52 
models have problems in accurately representing the impacts of the SAM on SST, surface air temperature, 53 
precipitation and particularly sea-ice in the Antarctic region. 54 
 55 
[INSERT FIGURE 9.25 HERE] 56 
Figure 9.25: [PLACEHOLDER FOR FIRST ORDER DRAFT] [tbd] 57 
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 1 
9.4.3.1.1 Simulation of the NAO/NAM 2 
There is still considerable debate over the difference between the hemispheric Northern Annular Mode 3 
(NAM) and the more regional North Atlantic Oscillation (NAO). (Feldstein and Franzke, 2006) showed that 4 
in practice both approaches identify the same events in the analysis of the observed record, so in this context 5 
the distinction is less important. However, as described in AR4, climate models have a tendency to 6 
overestimate the teleconnection between the Atlantic and Pacific basins, so that patterns of model variability 7 
tend to resemble the NAM more than the NAO.  8 
 9 
While climate models successfully simulate the basic features of the NAM, they tend to overestimate its 10 
decorrelation timescale (Gerber et al., 2008), a bias which is linked to the climatological bias in the latitude 11 
of the jet streams (Barnes and Hartmann, 2010; Kidston and Gerber, 2010). The asymmetry in persistence 12 
between positive and negative phases of the NAO was also not well simulated in the climate model analysed 13 
by (Woollings et al., 2010b). Some recent studies have assessed the skill of climate models in representing 14 
the shape of the distribution of NAO variability. The distribution of the NAO in reanalyses has pronounced 15 
negative skewness, and analyses of individual climate models have shown that they do not represent this 16 
asymmetry correctly (Coppola et al., 2005; Woollings et al., 2010b). Similarly, the CMIP3 models tend to 17 
misrepresent the distribution of variability in the latitude of the North Atlantic eddy-driven jet stream, a 18 
quantity closely related to the NAO. Specifically the jet latitude distribution tends to be unrealistically 19 
positively skewed in models, and this bias in skewness is correlated with the climatological equatorward jet 20 
bias in the models (Barnes and Hartmann, 2010). As described in AR4, climate models in the past have been 21 
unable to simulate the recent observed level of multi-decadal variability in the NAO/NAM without imposed 22 
forcing. However, at least some AOGCMs have now been shown to exhibit multi-decadal variability of this 23 
magnitude in unforced control simulations (Selten et al., 2004; Semenov et al., 2008). Several potential 24 
influences have been suggested for the observed variations, so it is unclear to what extent the 25 
underestimation of late 20th century trends reflects real problems with the variability in models. Further 26 
evidence has emerged of the coupling of NAM variability between the troposphere and the stratosphere, and 27 
even climate models with improved stratospheric resolution appear to underestimate the vertical coupling 28 
(Morgenstern et al., 2010). While much of the literature remains focused on wintertime variability, the 29 
summertime equivalent of the NAO has been shown to have considerable influence on regional climate, 30 
although over a more limited region than in winter. (Folland et al., 2009) also tested the ability of two 31 
climate models to simulate the summer NAO, finding in general a good simulation of its main features, 32 
although in one of the models the summer NAO corresponds only to the second EOF.  33 
 34 
9.4.3.2 Atlantic Modes 35 
 36 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 37 
 38 
9.4.3.2.1 AMOC variability 39 
On short timescales of less than 5 years, some AMOC simulations have shown a comparable magnitude of 40 
variability as the RAPID array observations at 26°N, although with a tendency to underestimate the 41 
variability (Baehr et al., 2009; Balan Sarojini et al., 2011; Marsh et al., 2009). This underestimate results 42 
from an underestimate of the density-driven contribution (Balan Sarojini et al., 2011), and might point to 43 
deficiencies in the simulation of temperature and salinity in the models (Baehr et al., 2009). Some of these 44 
deficiencies in the simulation of the AMOC might improve at higher resolution (Marsh et al., 2009). Note 45 
that most models analyzed so far are too coarse to resolve eddies, which might play a role in the total 46 
transport variability (Kanzow et al., 2009; Wunsch, 2008).  47 
 48 
On a broader perspective than 26°N, it has yet to be established how reliably models represent the meridional 49 
coherence of the AMOC. Variability of the AMOC observed outside the sub-tropical gyre further north has 50 
not been found to be coherent with AMOC variability observed at 26°N (Bingham and Hughes, 2009; Willis, 51 
2010). And only recently, gyre-specific AMOC changes previously found in models (Baehr et al., 2009; 52 
Biastoch et al., 2008; Bingham et al., 2007) have also been identified in historical hydrographic data (Lozier 53 
et al., 2010), questioning for the variability the canonical picture of a single, basin-scale North Atlantic 54 
overturning.  55 
 56 
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9.4.3.2.1 Atlantic multi-decadal variability  1 
[PLACEHOLDER FOR FIRST ORDER DRAFT] (Kravtsov and Spannagle, 2008) 2 
 3 
[INSERT FIGURE 9.26 HERE] 4 
Figure 9.26: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure illustrating models’ ability to 5 
simulate Atlantic multidecadal variability. The placeholder figure merely shows this for one particular model 6 
(CCCma). 7 
 8 
9.4.3.2.2 Tropical zonal and meridional modes  9 
[PLACEHOLDER FOR FIRST ORDER DRAFT: Atlantic Niño, WES; given the likely focus on MOC 10 
predictability in Chapter 11, part of this could fit in this other chapter.] 11 
 12 
9.4.3.3 Pacific Modes 13 
 14 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 15 
 16 
9.4.3.3.1 El Niño-Southern Oscillation 17 
The El Niño-Southern Oscillation (ENSO) phenomenon is well recognized as the dominant mode of natural 18 
climate variability in the tropical Pacific on seasonal to interannual time scales. During the last decades, 19 
there has been steady progress in the simulation and seasonal prediction of ENSO and its global impacts 20 
using AOGCMs (AchutaRao and Sperber, 2002; Guilyardi et al., 2009b; Randall et al., 2007). Improvements 21 
in model formulation have led to a better representation of the spatial pattern of the sea surface temperature 22 
(SST) anomalies in the eastern Pacific and of ENSO’s periodicity (AchutaRao and Sperber, 2006). 23 
Compared to previous generation models, some of CMIP3 models can now not only simulate the mean state 24 
and the annual cycle with some degree of fidelity but also the tropical interannual variability, without the use 25 
of the flux corrections. Indeed, many AOGCMs now exhibit a behaviour that is qualitatively similar to that 26 
of the real-world ENSO – a considerable achievement given the complexity of the interactions involved. 27 
Most of the CMIP3 models can now produce a reasonable climatology and ENSO without flux adjustments, 28 
enhancing their physical credibility for simulating ENSO and its response to climate changes. [to be updated 29 
with CMIP5 results] 30 
 31 
Despite this progress, multi-model analyses show that serious systematic errors remain in the simulated 32 
background climate (time mean and annual cycle, see Section 9.3.3) as well as in the simulated natural 33 
variability (Capotondi et al., 2006; Guilyardi, 2006; van Oldenborgh et al., 2005; Wittenberg et al., 2006) 34 
and updates. Several studies have pointed out that these coupled models errors can often be traced back to 35 
the atmosphere component and more specifically trade wind strength and cloud feedbacks (Braconnot et al., 36 
2007a; Guilyardi et al., 2009a; L'Ecuyer and Stephens, 2007; Lloyd et al., 2010; Lloyd et al., 2009; Sun et 37 
al., 2009). [to be updated with CMIP5 results] 38 
 39 
AOGCMs produce a variety of El Niño variability time scales (Figure 9.27: Niño 3 spectra): model spectra 40 
range from very regular near-biennial oscillations to spectra that are close to the observed 2 to 7 years 41 
(DISCUSS CHANGE CMIP3 to CMIP5, if any). The observed seasonal phase locking – El Niño and La 42 
Niña anomalies tend to peak in boreal winter and are weakest in boreal spring – is often not captured by 43 
models, which either show little seasonal modulation or a phase locking to the wrong part of the annual 44 
cycle, although some models do show some tendency to have ENSO peaking in boreal winter (refs). All 45 
these biases combine to generate errors in ENSO amplitude, period, irregularity, skewness or spatial patterns 46 
(Guilyardi et al., 2009b; Leloup et al., 2008; and other CMIP5 references). [ENSO diversity (CP vs. EP) to 47 
be discussed.] 48 
 49 
[INSERT FIGURE 9.27 HERE] 50 
Figure 9.27: [PLACEHOLDER FOR FIRST ORDER DRAFT] ENSO power spectra for different models. 51 
[Placeholder figure taken from AR4 – to be updated] 52 
 53 
The amplitude of El Niño in AOGCMs ranges from less than half to more than double the observed 54 
amplitude (AchutaRao and Sperber, 2006; Guilyardi, 2006; Guilyardi et al., 2009b; van Oldenborgh et al., 55 
2005) (see metrics). The complex interactions, the main biases, and the variability described above (and with 56 
a number of likely others as discussed below) together with model structural diversity make it difficult to 57 
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clearly identify the origin of deficiencies in simulated ENSO. Nevertheless, it is likely that progress can be 1 
made. AOGCMs do appear now to exhibit many of the key processes and interactions thought to control the 2 
ENSO cycle in the real world (as detailed in Section 9.6.2). 3 
 4 
Observations and climate models alike indicate large multi-decadal changes in ENSO properties (Li et al., 5 
2011; Wittenberg, 2009). Individual ENSO proxies each record a local ENSO teleconnection. Hence, the 6 
non-stationarity of ENSO teleconnections together with the diversity of events (e.g., east Pacific El Niño 7 
versus central Pacific El Niño, or strong La Niña versus weak La Niña) makes it very difficult to infer robust 8 
changes about ENSO itself from any single proxy. Understanding the relative roles of external forcing 9 
(orbital, solar cycle, GHG) vs. internal dynamics in shaping this variability requires ambitious proxy 10 
synthesis, to validate the models (REFS TO COME). (Lin, 2007a) shows that CMIP3 models display a wide 11 
range of skill in simulating the interdecadal variability of ENSO. The models can be categorized into three 12 
groups: those that show an oscillation with a constant period shorter than the observed ENSO period, and 13 
sometimes with a constant amplitude; those that do not produce many statistically significant peaks in the 14 
ENSO frequency band, but usually produces one or two prominent peaks (episodes) at period longer than 6 15 
years; and those that displays significant interdecadal variability of ENSO in both amplitude and period. 16 
Among them, only the MPI model reproduces the observed eastward shift of the westerly anomalies in the 17 
low-frequency regime. [to be updated with CMIP5 results] 18 
 19 
9.4.3.3.2 Pacific decadal variability (PDO) 20 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 21 
What is new since AR4 (research and CMIP analysis). Some potential references:  22 
 23 
Parker, D., C. Folland, A. Scaife, J. Knight, A. Colman, P. Baines, and B. Dong (2007), Decadal to 24 
multidecadal variability and the climate change background, J. Geophys. Res., 112, D18115, 25 
doi:10.1029/2007JD008411. 26 
 27 
Newman, Matthew, 2007: Interannual to Decadal Predictability of Tropical and North Pacific Sea Surface 28 
Temperatures. J. Climate, 20, 2333–2356. doi:10.1175/JCLI4165.1. 29 
 30 
Kwon, Young-Oh, Michael A. Alexander, Nicholas A. Bond, Claude Frankignoul, Hisashi Nakamura, Bo 31 
Qiu, Lu Anne Thompson, 2010: Role of the Gulf Stream and Kuroshio–Oyashio Systems in Large-Scale 32 
Atmosphere–Ocean Interaction: A Review. J. Climate, 23, 3249–3281, doi:10.1175/2010JCLI3343.1.  33 
 34 
9.4.3.3.3 Tropical ocean decadal variability 35 
Pacific Subtropical Cells (STCs) are the shallow meridional cells in which water flows out of the tropics 36 
within the surface layer, subduct in the subtropics, flows equatorward in the thermocline and upwells in the 37 
equatorial ocean (Blanke and Raynaud, 1997; McCreary and Lu, 1994). The STCs provide a pathway by 38 
which extra-tropical atmospheric variability can force tropical variability. Observational studies have shown 39 
that these wind driven cells are major drivers of SST change in the tropical Pacific (McPhaden and Zhang, 40 
2002), where a decrease (inccrease) in tropical Pacific SST is significantly correlated with a spin-up (spin-41 
down) of the STCs. Several studies have shown that this relationship is absent from the CMIP3 climate 42 
model simulations of the 19th-20th centuries (Zhang and McPhaden, 2006). Hence the full impact of a 43 
weakening of the Walker Circulation with climate change (Vecchi et al.) may not be fully accounted for. 44 
(Solomon and Zhang, 2006) suggest that the CMIP3 coupled models may be reproducing the observed local 45 
ocean response to changes in forcing but inadequately reproduce the remote STC-forcing of the tropical 46 
Pacific due to the underestimate of extratropical winds that force these ocean circulations. 47 
 48 
9.4.3.4 Indian Ocean Variability 49 
 50 
In the Indian Ocean region, variability is dominated by the Indian Ocean zonal dipole mode (IOD) (Saji et 51 
al., 1999; Webster et al., 1999) and, at higher latitudes, by the subtropical SST dipole mode (Behera and 52 
Yamagata, 2001) which appears part of a hemispheric response to tropical atmospheric forcing (Fauchereau 53 
et al., 2003; Hermes and Reason, 2005). The latter are discussed in Section 9.4.3.8. The ability of CMIP3 54 
AOGCMs to represent the general features of the IOD appears related to their ability to simulate the mean 55 
state of the equatorial Indian Ocean (Saji et al., 2006). These models show a large spread in the modelled 56 
depth of the 20oC isotherm in the eastern equatorial Indian Ocean. It is unclear why the CMIP3 models show 57 
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such a large spread but it may be related to differences in the various model parameterisations of vertical 1 
mixing (Schott et al., 2009). Another source of error in the ability of models to represent the IOD arises 2 
because one of the triggers for this mode is ENSO and the models have difficulty in representing the ocean 3 
teleconnection of ENSO through the Indonesian archipelago. Models that simulate a deeper thermocline off 4 
Sumatra also tend to show a larger correlation value between indices of ENSO and the IOD than do models 5 
with a shallower thermocline (Saji et al., 2006). Ihara et al. (Ihara et al., 2009) showed that, under global 6 
warming scenarios, the western equatorial Indian Ocean warms more than the east, i.e., in the same direction 7 
as happens in a positive IOD event. Both the interannual and lower frequency variability of the tropical 8 
dipole mode index appear to be well captured by the SINTEX-F1 CGCM (Tozuka et al., 2007).  9 
 10 
9.4.3.5 The Quasi-Biennial Oscillation (QBO) 11 
 12 
Significant progress has been made in recent years to model and understand the impacts of the QBO 13 
(Baldwin et al., 2001). More models now reproduce a QBO in climate simulations. Some of these employ 14 
high vertical and horizontal resolution (Takahashi, 1999; Kawatani et al., 2011), while others use 15 
parameterised wave spectra to circumvent the need for such high resolution (Scaife et al., 2000; Giorgetta et 16 
al., 2002; McLandress, 2002). These model results are consistent with recent observations which confirm 17 
that small scale gravity waves carry a large proportion of the momentum flux which drives the QBO (Sato 18 
and Dunkerton, 1997; Ern and Preusse, 2009). Many features of the QBO such as its width and phase 19 
asymmetry also appear spontaneously in these simulations due to internal dynamics (Dunkerton, 1991; 20 
Scaife et al., 2002; Haynes, 2006). Some of the QBO effects on the extratropical climate (Holton and Tan, 21 
1980; Hamilton, 1998; [Naoe and Shibata, xxxx]) as well as ozone (Butchart et al., 2003; Shibata and 22 
Deushi) are also reproduced. Subsequent influences on the Arctic/North Atlantic Oscillation have also been 23 
suggested from observational and modelling studies (Thompson et al., 2002; Boer and Hamilton, 2008; 24 
Marshall and Scaife, 2009). 25 
 26 
9.4.3.6 Intraseasonal Variability 27 
 28 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 29 
 30 
9.4.3.6.1 Blocking and circulation regimes 31 
During blocking weather regimes the prevailing midlatitude westerly winds and storm systems are 32 
interrupted by a local reversal of the zonal flow. Recent work has underlined the importance of blocking for 33 
the occurrence of extreme weather events (Buehler et al., 2011), yet climate models in the past have 34 
universally underestimated the occurrence of blocking. However, recent work has shown that very high 35 
resolution atmospheric GCMs can now simulate the observed level of blocking in both hemispheres, 36 
although in this case blocking in the North Pacific is in fact overestimated (Matsueda et al., 2009; Matsueda 37 
et al., 2010).  38 
 39 
Since the AR4 there has been a renewed focus on the diagnostic methods used to characterize blocking. 40 
There are still important differences between methods in the events identified as blocking and their 41 
climatologies (Barriopedro et al., 2010a). The diagnosed blocking frequency can be very sensitive to details 42 
of the method used, such as in the choice of latitude (Barnes et al., 2011). In particular, blocking indices 43 
based on the identification of reversed meridional gradients in quantities such as geopotential height can be 44 
sensitive to mean state biases in the models, so that the diagnosed biases in blocking reflect biases in the 45 
mean state rather than the level of variability in the models (Scaife et al., 2010). In some models the mean 46 
state bias can potentially explain most of the underestimation of blocking, but in other models a significant 47 
underestimation still remains (Scaife et al., 2010), reflecting problems with the model’s simulation of 48 
variability (Barriopedro et al., 2010b). Other blocking indices use anomaly fields, rather than reversed 49 
absolute fields, to define blocking, and by these measures model skill can appear better (e.g.,Sillmann and 50 
Croci-Maspoli, 2009). Recent work has confirmed the impression of a link between blocking events and 51 
stratospheric flow anomalies (Martius et al., 2009). This link mostly, but not exclusively, comprises blocking 52 
events perturbing the stratospheric flow through upwards propagating Rossby wave activity, and the 53 
observed links are shown to be quite well represented in a climate model with enhanced stratospheric 54 
resolution (Woollings et al., 2010d). In terms of more general analyses of circulation regimes, there is further 55 
evidence that climate models can simulate the broad features of observed regimes (Teng et al., 2007). There 56 
is also further evidence of regime behaviour in the variability of the North Atlantic eddy-driven jet stream 57 
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(Woollings et al., 2010a), and the CMIP3 models show a range of skill level from reasonable to poor in 1 
simulating this structure (Barnes and Hartmann, 2010). The CMIP3 models often underestimate the 2 
amplitude of low-frequency planetary wave variability (Lucarini et al., 2007), which is likely to contribute to 3 
biases in regime behaviour.  4 
 5 
9.4.3.6.2 Wind events and ENSO 6 
In addition to the Madden Julian Oscillation (MJO), a large part of the intraseasonal wind variability over the 7 
Pacific warm pool occurs as Westerly wind Events (WWEs) (Harrison and Vecchi, 1997). Both 8 
observational and modelling studies demonstrated that WWEs are associated with the onset and maintenance 9 
of warm SST conditions (Gebbie and Tziperman, 2009; Lengaigne et al., 2002; Lengaigne et al., 2003; 10 
Marshall et al., 2009). Air-sea interactions involving WWEs, oceanic Kelvin waves and western Pacific 11 
warm pool were therefore suggested to be instrumental to the fast growth of El Niño events and to the 12 
modulation of ENSO characteristics (see Lengaigne et al., 2004a for a review). In addition to WWEs, ISO 13 
wind variability in the eastern part of the basin was also on some occasion suggested to influence ENSO 14 
events both in observations (Takayabu et al., 1999) and models (Lengaigne et al., 2004b). [to be updated 15 
with equivalent studies in CMIP3/CMIP5 models: e.g., Neale et al., 2008] 16 
 17 
9.4.3.6.3 ENSO forcing of the NAO 18 
ENSO has remote influences throughout the tropics and extratropical effects are well established over North 19 
America. Although Atlantic links have been much less clear (e.g., Trenberth and Caron, 2000), recent 20 
observational evidence points to a clear relationship between ENSO and the North Atlantic with a negative 21 
NAO response in late winter during El Nino and the opposite during La Nina (Bronnimann et al., 2004; 22 
Moron and Gouirand, 2003). During El Nino there is a southward shift in the Atlantic storm track and cold 23 
conditions over Northern Europe and Eastern United States and warm anomalies over Canada and the 24 
Mediterranean region, all of which have been reproduced in model studies (Bulic and Brankovic, 2007; 25 
Cagnazzo and Manzini, 2009; Fraedrich and Müller, 1992; Ineson and Scaife, 2009). There are tropospheric 26 
pathways by which the tropical Pacific affects Atlantic-European winter climate, for example via a Rossby 27 
wave emanating from the tropics to the North Atlantic (Bell et al.; Toniazzo and Scaife) or directly across 28 
the North American continent due to downstream effects of the Pacific North American pattern. A second 29 
type of pathway occurs through modulation of the Aleutian Low in the North Pacific and a change in 30 
planetary wave driving of the stratosphere (Hamilton; Manzini et al.; Taguchi and Hartmann; van Loon and 31 
Labitzke) and its subsequent tropospheric response which may also explain the intraseasonal transition and 32 
the strong late Winter response to ENSO (Bell et al.; Cagnazzo and Manzini; Ineson and Scaife). Other 33 
aspects are still debated such as the robustness of the modeled response to La Nina (Manzini et al., 2006) and 34 
the apparent non-linearity or possibly non-stationarity of the ENSO response (Greatbatch et al., 2004; 35 
Mathieu et al., 2004; Toniazzo and Scaife, 2006). Recent evidence however points to a stationary response in 36 
time (Bronniman 200?). The connection between ENSO and the NAO also provides a potential role for 37 
ENSO in the future climate response over the North Atlantic (e.g., Müller and Roeckner, 2006). [to be 38 
updated with related studies in CMIP5 models] 39 
 40 
9.4.3.6.4 MJO and North Atlantic weather regimes 41 
[PLACEHOLDER FOR FIRST ORDER DRAFT: Cassou (2008) and Lin et al. (2008) present evidence that 42 
the MJO controls part of the distribution and sequences of the four daily weather regimes defined over the 43 
North Atlantic–European region in winter. Studies analysing this in models to be confirmed] 44 
 45 
[Other interactions: NPO/ENSO (Seasonal footprinting mechanism) e.g., Alexander et al., 2010] 46 
 47 
9.4.3.7 Teleconnections 48 
 49 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 50 
 51 
9.4.3.7.1 Pacific North American pattern 52 
[PLACEHOLDER FOR FIRST ORDER DRAFT] Some references: 53 
 54 
Stoner, Anne Marie K., Katharine Hayhoe, Donald J. Wuebbles, 2009: Assessing General Circulation Model 55 
Simulations of Atmospheric Teleconnection Patterns. J. Climate, 22, 4348–4372. 56 
 57 
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Seager, Richard, Robert Burgman, Yochanan Kushnir, Amy Clement, Ed Cook, Naomi Naik, Jennifer 1 
Miller, 2008: Tropical Pacific Forcing of North American Medieval Megadroughts: Testing the Concept 2 
with an Atmosphere Model Forced by Coral-Reconstructed SSTs. J. Climate, 21, 6175–6190. 3 
 4 
Linkin, Megan E., Sumant Nigam, 2008: The North Pacific Oscillation–West Pacific Teleconnection Pattern: 5 
Mature-Phase Structure and Winter Impacts. J. Climate, 21, 1979–1997. 6 
 7 
9.4.3.7.2 Pacific South America pattern 8 
The Pacific South America (PSA) pattern is one of the major atmospheric teleconnection patterns from the 9 
tropical Indo-Pacific into the mid- and high latitude South America and South Atlantic region (Colberg et al., 10 
2004; Mo and White, 1985). It also appears to act as a link between ENSO and the generation of subtropical 11 
basin modes in the Southern Hemisphere (Hermes and Reason, 2005). Vera and Silvestri (Vera and Silvestri, 12 
2009) showed that there was a considerable range in the ability of CMIP3 models to represent these wave 13 
trains. Furthermore, different models had different abilities depending on the season.  14 
 15 
9.4.3.7.3 Southern Hemisphere subtropical basin modes 16 
Despite their association with the rainfall variability of large areas in the Southern Hemisphere (Behera and 17 
Yamagata; Nicholls; Reason), there has been little attempt to assess the ability of coupled models to 18 
represent the generation and evolution of these modes. Suzuki et al. (Suzuki et al., 2004) used the Japanese 19 
NIED CGCM to study the annual cycle of the subtropical dipole mode in the South Indian Ocean, finding 20 
that it is mainly driven by atmospheric anomalies and that the SST changes only impact back on the 21 
atmosphere late in the austral summer phase of this mode.  22 
 23 
Other references found: Watterson, I. G. (2009), Components of precipitation and temperature anomalies and 24 
change associated with modes of the Southern Hemisphere. International Journal of Climatology, 29: 809–25 
826. doi:10.1002/joc.1772. 26 
 27 
9.4.3.7.4 ENSO – West African Monsoon 28 
A regression of the WAM precipitation index with global SSTs reveal two major teleconnections (Fontaine 29 
and Janicot, 1996). The first mode highlights the strong influence of ENSO. The second mode reveals a 30 
relationship between the SST in the Gulf of Guinea and the northward migration of the monsoon rainbelt 31 
over the West African continent. Most CMIP3 20th century simulations show a single dominant Pacific 32 
teleconnection, which is, however, of the wrong sign for half of the models (Joly et al., 2007). Only one 33 
model shows a significant second mode, emphasizing the GCMs’ difficulty in simulating the response of the 34 
African rainbelt to Atlantic SST anomalies that are not synchronous with Pacific anomalies. 35 
 36 
9.4.3.7.5 Other teleconnections 37 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 38 
[Link between SST and fluxes (Shin, S.‐I., P. D. Sardeshmukh, and K. Pegion (2010), Realism of local and 39 
remote feedbacks on tropical sea surface temperatures in climate models, J. Geophys. Res., 115, D21110, 40 
doi:10.1029/2010JD013927.) Coordination with Chapter 11 (Section 11.2.1 on internal mechanisms of 41 
variability) and Chapter 14 (Section 14.3) needed. Power spectra to be included. Cold ocean and warm land 42 
pattern to be included if new studies.] 43 
 44 
9.4.3.9 Interannual Variability in Terrestrial Sources and Sinks 45 
 46 
Both coupled biogeochemistry/land evaluated by Randerson et al (2009) reproduce the interannual 47 
variability in land fluxes during 1988—2004 when compared against Atmospheric Tracer Transport Model 48 
Intercomparison Project (TRANSCOM). The models are significantly and positively correlated with the time 49 
series of annual-mean fluxes and explain between 43% and 53% of the fluctuations in TRANSCOM. The 50 
models produce year-to-year variability that agrees to within 30% with the interannual standard deviation 51 
from TRANSCOM of 1.0 PgC yr–1. Over the longer time period spanning 1860 to 2002, the inclusion of 52 
nitrogen cycling and deposition on global carbon sequestration accounts for less than 20% of recent changes 53 
in annual NPP due to atmospheric composition and climate (Zaehle et al., 2010c). 54 
 55 
When these components are linked into fully coupled Earth system models, these models tend to 56 
overestimate the long-term trend in global-mean atmospheric CO2 concentrations (Cadule et al., 2010). The 57 
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simulation of various types of interannual variability, including the oscillations in CO2 associated with the 1 
positive and negative phases of ENSO and long-term trends in the seasonal amplitude, is moderately skilful 2 
although some models examined by Cadule et al (2010) exhibit essentially no skill on this metric.  3 
 4 
9.4.3.10 Internal and Interannual Variability in Ocean Sources and Sinks 5 
 6 
Most of the biogeochemical ocean GCMs that have been compared against depth-integrated primary 7 
productivity (PP) underestimate the observed interannual variance in PP with discrepancies frequently 8 
exceeding a factor of two (Friedrichs et al., 2009). The majority of this error is contributed by the infrequent 9 
occurrence of low PP values (<0.2 g C m–2 d–1) in the models relative to the observations. Pattern 10 
correlations between temporal anomalies in PP estimated from satellite ocean-colour data and from the 11 
GCMs are generally in the range of 0.5 to 0.6. On a global scale, temporal variability in PP is contributed 12 
primarily by tropical oceans where stronger stratification and higher SSTs lead yield negative PP anomalies 13 
(Schneider et al., 2008). In analysis of a limited sample of biogeochemical GCMs, Schneider et al (2008) 14 
identify only one model that emulates the inverse relationship between PP and SST inferred from satellite 15 
ocean-colour data over low-latitude oceans. Reproduction of this inverse relationship is a necessary but not 16 
sufficient condition for projecting the effects of more El Nino-like conditions with higher SSTs and stronger 17 
stratification on the uptake of CO2 by low-latitude oceans. 18 
 19 
9.4.4 Extreme Events 20 
 21 
Extreme events, which are of great importance for the society as they bring about natural disasters, are 22 
realizations of a tail of probability distribution functions of natural variability of climate or weather. They are 23 
higher-order statistics than climatological mean states and, thus, generally expected to be more difficult to 24 
realistically represent in climate models. Extreme events take place in various time scales, such as daily, 25 
intra-seasonal, inter-annual and inter-decadal, corresponding to the different time scales of variability. 26 
Shorter time scale extreme events are often associated with smaller scale spatial structure, which cannot be 27 
captured by coarse resolution models but better represented as the resolution of a model increases. In AR4, it 28 
was concluded that the models could simulate the statistics of extreme events better than expected from 29 
generally coarse resolutions of the models at that time, especially for temperature extremes (Randall et al., 30 
2007). 31 
 32 
9.4.4.1 Extreme Temperature 33 
 34 
Since AR4, the evaluation of CMIP3 models in terms of extreme events has been extended. Kharin et al. 35 
(2007) have comprehensively evaluated the performance of models to reproduce 20-year return values of 36 
annual extremes of near-surface temperature and daily precipitation amounts. They found that the CMIP3 37 
models simulated present-day warm extremes reasonably well on the global scale, as compared to estimates 38 
from reanalysis. The model discrepancies in simulating cold extremes were found to be generally larger than 39 
those for warm extremes, especially in sea ice-covered areas.  40 
 41 
Some studies have compared modelled and observed historical trends of temperature extremes. Meehl et al. 42 
(2009a) found that a climate model (CCSM3) overestimated the ratio of daily record high maximum 43 
temperatures to record low minimum temperatures averaged across the USA compared with the observed 44 
value, implying that the model tends to overestimate the increase in record high temperatures due to more 45 
uniform warming across the USA. Christidis et al. (2007) found that the observed lengthening of the growing 46 
season (often considered as one of extremes indices) in the second half of 20th century was consistently 47 
simulated by climate models in a context of detection and attribution. See also Chapter 10.  48 
 49 
[Placeholder for CMIP5 results. CMIP3 results might be replaced by CMIP5 ones, or improvement seen in 50 
CMIP5 over CMIP3 might be described.] 51 
 52 
9.4.4.2 Extreme Precipitation 53 
 54 
(Kharin et al., 2007) concluded that precipitation extremes simulated by CMIP3 models were plausible in the 55 
extratropics, but uncertainties in the Tropics are very large, both in the models and the available 56 
observationally based datasets. Simulated precipitation extremes are known to be highly resolution 57 
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dependent. Growing evidence has shown that high-resolution models that are recently available (0.5 degree 1 
or higher atmospheric horizontal resolution) can capture the magnitude of extreme precipitation realistically 2 
(e.g., Wehner et al., 2010). See also Section 9.6.3.3. 3 
 4 
Since AR4, attention to a higher temporal resolution for extreme precipitation has emerged, i.e., hourly 5 
precipitation extremes, rather than daily. Lenderink and Meijgaard (2008) have analysed 99-year record of 6 
hourly precipitation observations from a station in the Netherlands and found that the temperature 7 
dependence of hourly precipitation intensity was greater than that expected from the Clausius-Clapeyron 8 
relation in higher temperature regimes. This feature was partly (only for very high extremes) reproduced by a 9 
25 km resolution regional climate model.  10 
 11 
Similar to the temperature extremes, studies that compared modelled and observed historical trends of 12 
precipitation extremes have emerged. (Min et al., 2011) found that the observed intensification of extreme 13 
precipitation over Northern Hemisphere land areas in the second half of the 20th century was consistently 14 
simulated by climate models, albeit with a smaller amplitude than observed [See also Chapter 10].  15 
 16 
[Placeholder for CMIP5 results. CMIP3 results might be replaced by CMIP5 ones, or improvement seen in 17 
CMIP5 over CMIP3 might be described.] 18 
 19 
9.4.4.3 Other Extremes 20 
 21 
One of the remarkable findings on other extremes since AR4 is that the observed year-to-year counts of 22 
Atlantic hurricanes can be well simulated by AGCMs driven only by observed sea surface temperature 23 
(Larow et al., 2008; Zhao et al., 2009). This finding is particularly important for physical understanding, 24 
detection, attribution and future projection of hurricane count changes, but also notably encouraging in the 25 
context of model evaluation.  26 
 27 
[PLACEHOLDER FOR FIRST ORDER DRAFT: More literature on various kinds of extremes either from 28 
CMIP3 or CMIP5 analyses.] 29 
 30 
9.4.4.4 Summary 31 
 32 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 33 
 34 
9.5 Downscaling and Simulation of Regional Scale Climate  35 
 36 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 37 
 38 
9.5.1 Introduction  39 
 40 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 41 
 42 
9.5.1.1 Downscaling 43 
 44 
Downscaling is a collection of methods that are used to add detail to AOGCM results. Regional scale climate 45 
downscaling and simulation is pursued with various statistical methods , regional climate models (RCM, 46 
a.k.a dynamical downscaling), and variable-resolution-GCMs. RCMs are comparable to AOGCMs in their 47 
physical representation of climate processes, except that coupled regional climate models are still rather few 48 
(Dorn et al., 2009; Doscher et al., 2010; Smith et al., 2011a; Somot et al., 2008). As in the case of AOGCMs, 49 
coupled RCMs can provide a fuller representation of the regional climate system.  50 
 51 
The typical resolution of regional climate models is higher than that of typical AOGCMs. This implies more 52 
detailed representation and simulation of processes that are affected by variable topography, as well as of 53 
other spatial detail including many types of extremes. A basic tenet is that RCMs’ provide added value 54 
compared to AOGCMs. However, this is not self-evident (Laprise et al., 2008). Studies do, however, indicate 55 
that added value indeed arises.  56 
 57 



Zero Order Draft Chapter 9 IPCC WGI Fifth Assessment Report 

Do Not Cite, Quote or Distribute 9-57 Total pages: 137 

Downscaling facilitates climate change impact research, but it is also a tool for testing and developing 1 
process descriptions. AOGCMs exhibit various systematic biases in their regional circulation regimes. 2 
RCMs, on the other hand, can be driven with boundary conditions from global reanalyses, in so-called 3 
“perfect boundary condition” mode. This allows some separation of biases in the representation of regional 4 
processes due to large-scale biases and arising from inadequacies in the process descriptions themselves. 5 
Such simulations are also more straight-forward to compare to observations, as the large-scale variability 6 
corresponds to the observed one. 7 
 8 
9.5.1.2 Recent Developments of the Downscaling Techniques 9 
 10 
Recent developments of regional climate downscaling concern longer perfect boundary condition 11 
simulations, increased resolution, coordinated experiments and ensemble analyses as well as extension of 12 
model evaluation to additional processes (Rummukainen, 2010). Studies of RCM internal variability has led 13 
to new insights on the applicability of deterministic and statistical evaluation, respectively. The use of RCMs 14 
has also spread to include most land regions of the world. 15 
 16 
Perfect boundary condition simulations have benefited from the continued development of global reanalyses 17 
at the ECMWF, NCEP and JMA. For example, simulations that cover several decades allow for extended 18 
evaluation of variability and extremes compared to runs that address shorter periods. The latter are still 19 
useful, however, in probing the representation of physical processes. For example, Yhang and Hong (2008) 20 
test improvements of land surface, boundary layer and cumulus parameterisation schemes in a specific RCM 21 
and arrive at a better simulation of the East Asian summer monsoon. Dorn et al. (2009) show that in a 22 
coupled RCM for the Arctic, substantial improvements on sea ice simulation can be gained by improved ice 23 
growth, ice albedo and snow cover descriptions. 24 
 25 
RCM resolution has in many cases increased to 10–25 km, although use is still made of 50 km resolution 26 
runs as well. Higher resolution facilitates evaluation of extremes, but also challenges the availability of 27 
observations for model evaluation (e.g., Nikulin et al., 2011; Driouech et al., 2009). If observations are 28 
available gridded at a lower resolution than the resolution in an RCM, the observational estimates can be 29 
expected to be more attenuated compared to reality, and the RCM. This can be even more of an issue in case 30 
of extremes in an RCM with a subgridscale land cover separating forested and open land surface conditions, 31 
while gridded observations come from measurements in open land locations. On the other hand, station 32 
observations may significantly differ from what is simulated in a grid box of an RCM over complex terrain. 33 
Influences like these need to be accounted for in assessing downscaling skill.  34 
 35 
Specific studies with particular RCMs can provide useful insights. However, as is the case for AOGCMs (see 36 
Section 9.2.3), more comprehensive assessment of models’ uncertainty and skill can be facilitated with 37 
coordinated experiments. Such regional downscaling studies have recently become much more 38 
commonplace and now exist for Europe (Christensen et al., 2010), North America (Gutowski et al., 2010), 39 
South America (Menendez et al., 2010), Africa (Druyan et al., 2010; Paeth et al., 2011; Ruti et al., 2011), 40 
and Asian regions (Feng and Fu, 2006).  41 
 42 
[PLACEHOLDER FOR FIRST ORDER DRAFT: CORDEX] 43 
 44 
[INSERT FIGURE 9.28 HERE] 45 
Figure 9.28: [PLACEHOLDER FOR FIRST ORDER DRAFT] Map of recent coordinated downscaling 46 
study regions. From Giorgi et al., WMO Bulletin 2009, 58:3, 175-183. [NB: Need copyright or redrawing.]  47 
 48 
9.5.2 Fidelity of Downscaling Methods and Value Added 49 
 50 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 51 
 52 
9.5.2.1 Assessment of Skill  53 
 54 
Assessing the skill of downscaling methods uses many of the same approaches as those that are used for 55 
AOGCMs. However, there are also fundamental differences. Not least, the skill of regional climate 56 
downscaling is conditional on the quality of the driving data, e.g., lateral boundary conditions, as well as 57 
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SSTs if these are used as forcing for RCMs. The latter play a role also for variable-resolution AGCMs. The 1 
underlying RCM skill can be better assessed in perfect boundary condition simulations, as they allow for 2 
both deterministic and statistical assessment.  3 
 4 
Models that are constrained by boundary conditions still exhibit internal variability which varies with the 5 
synoptic situation, season, as well as model domain and other choices in model set-up (Alexandru et al., 6 
2007; Leduc and Laprise, 2009; Nikiema and Laprise, 2010; Rapaić et al., 2010). Internal variability limits 7 
deterministic RCM skill for specific situations, short periods and small scales, but these effects are small in 8 
climate applications (Laprise et al., 2008; Separovic et al., 2008). Internal variability can also be constrained 9 
by spectral nudging or other techniques (Misra, 2007); however, their application may also lead to 10 
deterioration of some features, e.g., precipitation extremes (Alexandru et al., 2009). 11 
 12 
Comparison of modelled and observed climatological seasonal means has a long history as an evaluation 13 
method of RCM skill. Process-oriented skill assessment has,however, gained ground, e.g., whether RCMs 14 
can simulate observed relationships. Sasaki and Kurihara (2008) find, for a specific RCM running at high 15 
resolution, that it reproduces the observed relationships between precipitation and elevation. Driouech et al. 16 
(2010) show that a specific variable-resolution AGCM reproduces rather well the observed link between 17 
north Atlantic weather regimes and local precipitation. Hirschi et al. (2011b) find that a number of RCMs 18 
reproduce observed relationships between soil moisture and extreme temperature, but with some 19 
overestimation. This may indicate that changes in warm summertime conditions including heat waves, as 20 
well as precipitation features may suffer from systematic biases in climate change simulations (Christensen 21 
et al., 2008; Kostopoulou et al., 2009). Döscher et al. (2010) find that a coupled RCM reproduces empirical 22 
relationships between Arctic sea ice extent and areal sea ice thickness characteristics and NAO variations. 23 
Another area that has been under considerable scrutiny is the West African monsoon region (e.g., Boone et 24 
al., 2010; Druyan et al., 2010). Some general findings for the latter region are that RCMs display biases in 25 
their simulated latent heat fluxes, positive precipitation biases and a general tendency to place the monsoon 26 
too far to the north and to have it mistimed. This emphasises the need to pursue targeted evaluation of 27 
atmosphere-land surface coupling in the region (see also van den Hurk and van Meijgaard, 2010). 28 
 29 
In addition to evaluating RCM results themselves, there is a need for quantitative measures of the value 30 
added by an RCM to the AOGCM results used to drive it. The field remains rather unexplored, but some 31 
attempts at performance-based ranking of RCMs have been made. There is, of course, a fair deal of 32 
subjectivity in designing such methods. Christensen et al. (2010) note that important aspects to cover are, 33 
first, those that RCMs can provide added value on, e.g., extremes and mesoscale signals and, second, basic 34 
climate data such as consistency with the driving boundary conditions. Some of the suggested metrics lead to 35 
striking differentiation among RCMs (Lenderink, 2010), whereas other choices do not. The latter may imply 36 
general skilfulness of models, or a shortcoming of the metric. Nevertheless, Coppola et al. (2010), Kjellström 37 
et al.(2010) demonstrate that weighted sets of RCMs outperform sets without weighting, in terms of bias and 38 
RMSE of temperature and precipitation. The degree to which this applies tends to vary, however, with the 39 
choice of the particular metric, region and season. An option is to combine several metrics, which, however, 40 
brings in an additional choice to be made – how to do the combining (Christensen et al., 2010). 41 
 42 
In general, a fundamental issue is how evaluation findings on the performance of a downscaling method 43 
translate into skill in downscaling climate change projections. Buser et al. (2009) look at how assumptions 44 
on whether underlying biases in RCMs vary with changing conditions and whether this affects the projection 45 
outcomes. They find that the projected summertime warming in the European Alpine region, , obtained from 46 
a combination of several RCMs, was 3.4°C and 5.4°C for assumptions of constant bias and constant 47 
relationship, respectively. Changes in winter were not sensitive in this sense. Buser et al. (2010) find that 48 
considering these two bias assumptions together, leads to overall lower summer and autumn warming, and a 49 
larger winter warming in different parts of Europe, according to several RCMs. The reason for this contrast 50 
can be traced back to deficiencies in how the RCMs’ reproduce interannual temperature variability in the 51 
different seasons. 52 
 53 
9.5.2.2 Value Added  54 
 55 
As has been discussed above, downscaling is expected to add value to AOGCM results, in particular in 56 
regions with variable topography (land-sea distribution, large lakes, orographic detail). The representation of 57 
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extremes is also expected to improve, given the higher resolution of regional climate models. Improved 1 
representation of extremens when resolution is regionally enhanced by means of interactive nesting – of an 2 
RCM in an AOGCM – has also been explored (Inatsu and Kimoto, 2009). On the other hand, a regional 3 
model appliced to East Asia was found to suppress storm activity that was excessive in the particular 4 
AOGCM under to provide the boundary conditions. Fox-Rabinovitz et al. (2008) found that stretched grid 5 
model configurations reduced errors compared to when they were run on a uniform, but lower, resolution. 6 
However, Déqué et al. (2010) found that while a collection of 9 AGCMs with variable resolution requires a 7 
computationally lower effort than an equivalent high resolution AGCM with a regular grid, the simulated 8 
mean climate is similar. 9 
 10 
Some examples of specific value added are given by Feser (2006), who documented added value for near-11 
surface temperature, and by Winterfeldt and Weisse (2009) who found that some coastal wind characteristics 12 
were improved by dynamical downscaling. Donat et al. (2010) found in turn that downscaling improved 13 
European storm damage estimates.  14 
 15 
[Text to be added referring to Figures 9.29, 9.30 and 9.31] 16 
 17 
[INSERT FIGURE 9.29 HERE] 18 
Figure 9.29: Monthly mean model temperature bias vs. observed monthly mean temperature for Region MD 19 
(Mediterranean) for the period 1961–2000. Raw data shown for MPI model, while full curves represents 20 
polynomial fit to underlying data. Dashed curve segments based on fit excluding the 25% warmest of all 21 
months are added to the right. Taken from (Christensen et al., 2008) 22 
 23 
[INSERT FIGURE 9.30 HERE] 24 
Figure 9.30: Monthly mean model precipitation bias vs. observed monthly mean precipitation for Region SC 25 
(Scandinavia) for the period 1961–2000. Raw data shown for MPI model, while full curves represent 26 
polynomial fit to underlying data. Dashed curve segments based on fit excluding the 25% wettest of all 27 
months are added to the right. No model precipitation data available for the UCLM PROMES experiment 28 
due to a temporary error in the data archive. Taken from (Christensen et al., 2008) 29 
 30 
[INSERT FIGURE 9.31 HERE] 31 
Figure 9.31: [PLACEHOLDER FOR FIRST ORDER DRAFT] Global display of regional model skill, as a 32 
synthesis figure. Preferably [tbc] for the same regions as those displayed in [Figure 9.28]. Generic results for 33 
various regions (sample, appropriately, results from ENSEMBLES (Europe), NARCCAP (North America), 34 
RMIP (Asia), CLARIS (South America), CORDEX (multiple regions)). [So far, ENSEMBLES 35 
accommodates the largest set of models for a specific region and features the longest hindcasts; Figure to be 36 
created, no suitable placeholder available.] 37 
 38 
9.5.3 Transferability Experiments 39 
 40 
A more comprehensive approach to RCM evaluation can be obtained from results of experiments with 41 
coordinated simulation set-up (see Section 9.1.5.2). Some studies argue, however, that a coordinated model 42 
setup may favour or disfavour specific RCMs, in terms of assessing inter-RCM skill (Farda et al., 2010). 43 
This is because many RCMs are developed and subsequently applied primarily for a specific region. This 44 
may limit the range of climate processes, as well as evaluation, that are considered. Evaluation of RCMs run 45 
for different regions – in transferability experiments – may help to expose shortcomings that are not apparent 46 
in standard experiments 47 
 48 
Some transferability studies have shown that RCMs exhibit home biases. For example, (Takle et al., 2007) 49 
evaluated the diurnal cycles of surface energy fluxes using five models and showed that models do have 50 
home domain advantages. Gbobaniyi et al. (2011, submitted) used data from five RCMs and showed that the 51 
European models demonstrate a clear home advantage over the North American models in simulating 52 
seasonal and diurnal cycles at a site in Cabauw, the Netherlands. 53 
 54 
Studies have also shown that RCMs generally perform poorly over some specific geographical regions. For 55 
instance, in the Arctic Regional Climate Model Intercomparison Project (ArcMIP), RCMs show large-errors 56 
in simulating the 2-m temperature over land have, surface radiation fluxes, and cloud cover (Rinke et al., 57 
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2006; Koltzow et al., 2003). In the international North American Monsoon Experiment (NAME), the 1 
simulation of intense convective precipitation over complex terrain provided a unique challenge to the RCMs 2 
(Gutzler et al., 2005). In the Baltic Sea Experiment (BALTEX), the models underestimated planetary 3 
boundary layer height, and as a result overestimated cloud amount below 900mb and underestimated it at 4 
800mb (van Meijgaard et al., 2001). Roads et al. (2003) reported that the models used in the International 5 
Research Institute (IRI) project underestimated the total rainfall over South America; the models had 6 
excessive variability in simulated rainfall near the Andes, and performed better in winter and summer than in 7 
the transition seasons. Gbobaniyi et al. (2011, in press) found the RCMs exhibit some difficulty in 8 
reproducing the diurnal and seasonal temperature over the tropical stations in South America. 9 
 10 
9.6 Sources of Model Errors and Uncertainty  11 
 12 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 13 
 14 
9.6.1 Introduction  15 
 16 
The previous Sections 9.3, 9.4, and 9.5 have dealt with climate models’ capability to simulate recent and 17 
longer-term records, variability and extremes, and regional-scale climate, respectively. We have assessed this 18 
capability both by comparing model solutions against observations and by evaluating inter-model spread, the 19 
latter being a minimum-level estimate for model uncertainty. The current Section 9.6 assesses why models 20 
show errors and spread. This identification is crucial not only for understanding why models fail to 21 
reproduce observations, but also for diagnosing whether models obtain the right answer for the right reason.  22 
 23 
Error in model results can conceptually be subdivided into “modelling error”, caused by the difference 24 
between model formulation and physical process, and “approximation error”, caused by the difference 25 
between true model solution and numerical approximation (Oden and Prudhomme, 2002). No general 26 
framework exists for diagnosing modelling error. In contrast, for approximation error in geophysical fluid 27 
dynamics a general framework has just been formulated (Rauser et al., 2011), but application has so far been 28 
restricted to a shallow-water model. When we assess the causes of errors in current climate models, we thus 29 
cannot build on a general conceptual framework and must instead rely on more ad-hoc approaches, governed 30 
by practicality.  31 
 32 
Since AR4 significant progress has been made in understanding climate model error and spread. Section 33 
9.6.2 assesses process-oriented evaluation, meaning that not only the end result is of interest (for example, 34 
change in climate sensitivity caused by a change in cloud parameterisation) but the entire causal process 35 
chain. Section 9.6.3 considers targeted numerical experiments, devoted in turn to the application of climate 36 
models in weather forecasting (“Transpose AMIP”, Section 9.6.3.1), useful because some important model 37 
errors manifest themselves within simulation days; the simulation of key periods in the past, useful because 38 
models are applied in configurations for which they have not been tuned (Section 9.6.3.2); the effect of high 39 
spatial resolution, important because a greater portion of processes is shifted from where we are uncertain 40 
about representation (unresolved) to where we know the underlying equations (resolved), thus reducing 41 
“modelling error” (Section 9.6.3.3); and perturbed-physics ensembles in which uncertain model parameters 42 
are varied systematically (Section 9.6.3.4). Section 9.6.4 assesses the rich literature since AR4 devoted to 43 
understanding the feedbacks causing spread in climate sensitivity, which we expect still to be the prime 44 
source of spread in projected climate warming (together with uncertainty in greenhouse gas emissions and 45 
ocean heat uptake, see Chapter 12). Section 9.6 ends with a synthesis (Section 9.6.5), linking the lessons 46 
learned from the process-based analysis assessed here to the model errors assessed in Sections 9.3, 9.4, and 47 
9.5. 48 
 49 
9.6.2 Process Oriented Evaluation 50 
 51 
Our focus in previous Sections has been on the comparison of observed and simulated mean state of ECVs at 52 
the global scale. These routine tests provide a valuable summary of overall model performance but their 53 
broad scope does not isolate selected processes or feedbacks believed to be of importance for realistic 54 
simulation of the climate change. Process-oriented evaluation is often applied over limited areas to focus on 55 
particular processes or phenomena (e.g., monsoons, deep convection).  56 
 57 
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What is called process oriented evaluation in this Section is to measure agreement between a model 1 
simulation and observations to quantify how well a specific process, feedback, or phenomenon is represented 2 
in a model. In contrast to overall evaluation, process oriented evaluation is based on the understanding of the 3 
individual processes or mechanisms involved in the phenomena, hence ensuring the phenomena is correctly 4 
represented for the right reasons, and not via error compensation. Thus, it is often possible to relate the 5 
performance of a model to represent a process in the current climate and the credibility of the same model to 6 
project the change in the process in the future climate. This feature of process oriented evaluation is crucial 7 
for understanding model spread in future projections and constraining future projections by observed data.  8 
 9 
Since AR4, following the pioneering work by Hall and Qu (2006), who have successfully related the model 10 
performance on current seasonal cycle to the credibility of snow albedo feedback in projected future climate, 11 
work in the same direction has been extended. Boe et al. (2009b) have demonstrated that most CMIP3 12 
models underestimated significantly the observed trend in Arctic sea-ice decline. This, together with the 13 
relationship they found between historical and projected trends, leads to an observational constraint on future 14 
projection of sea-ice change (in this case, underestimation of sea-ice decline in most models was implied). 15 
Similarly, Boe et al. (2009a) have shown that many CMIP3 models might overestimate the efficiency of 16 
polar oceanic mixing. Together with the relationship between deep ocean heat uptake and transient global 17 
surface warming, this induces an observational constraint implying that many models may underestimate 18 
future transient surface warming.  19 
 20 
Examples for evaluation in terms of the mechanisms involved in phenomena include that of ENSO. Starting 21 
from the linearized SST equation, Jin et al. (2006) and Kim and Jin (2010a) derived a coupled stability index 22 
(referred to the Bjerknes-index or BJ index) that details the ocean-atmosphere feedbacks involved in ENSO. 23 
They identified five different feedbacks: the mean advection and upwelling feedback (always negative), the 24 
thermal damping rate (due to surface heat fluxes and also negative), the zonal advection feedback (positive), 25 
the Ekman pumping feedback (positive) and the thermocline feedback (positive). Kim and Jin (2010b) 26 
applied this process-based analysis of ENSO to the CMIP3 multi-model ensemble and demonstrated a 27 
significant positive correlation between ENSO amplitude and ENSO stability as measured by the BJ index. 28 
When respective components of the BJ index obtained from the coupled models are compared with those 29 
from observations, it is revealed that most coupled models underestimate the thermodynamic damping effect 30 
and the positive effect of the zonal advective and thermocline feedback. 31 
 32 
Process oriented evaluation is also useful for evaluating ability of a model to project regional phenomena. 33 
For example, Nishii et al. (2009) have established a relationship between the seasonal march of storm-track 34 
activity over the Far East and the occurrence of the first spring storm with strong southerly winds over Japan, 35 
which is a regional phenomenon. They evaluated the ability of each model in the CMIP3 ensemble to 36 
simulate the particular seasonal march of the storm-track activity and argued that the first spring storm over 37 
Japan is likely to occur earlier in a future warmer climate, based on the models that show the highest 38 
reproducibility of the storm-track activity measured with a particular metric.  39 
 40 
Evaluation of chemical climate simulations has also made use of process-based approaches. In contrast to 41 
most of the previous studies that applied performance metrics, the focus of the SPARC-CCMVal (2010) 42 
report was, as in Waugh and Eyring (2008), on quantitatively evaluating important processes rather than the 43 
quantity of interest itself, which in this case was stratospheric ozone. This is a key aspect of the CCMVal 44 
model evaluation concept which is applied to more accurately identify the sources of model errors and to 45 
circumvent the case where an ozone performance metric may look good because of compensating errors in 46 
the underlying processes (Eyring et al., 2005). Chemical and radiative processes in the CCMs have been 47 
assessed for the first time in the SPARC CCMVal report, and the upper troposphere / lower stratosphere 48 
(UTLS) has been explicitly examined (Gettelman et al., 2010; Hegglin et al., 2010). The model performance 49 
in the UTLS was found to be better than might have been expected based on the spatial resolution of the 50 
models, although the lack of observations is still a major limitation for model evaluation in this region. 51 
Radiation schemes have been shown to be sufficient for representing the major causes of observed 52 
stratospheric temperature changes and the main radiative drivers of surface climate. In addition, chemistry 53 
schemes have also been shown to agree generally well with benchmark schemes. The identification of model 54 
deficiencies through a process-oriented evaluation has overall led to quantifiable improvements in particular 55 
models from the first to the second round of CCMVal (e.g., transport, inorganic chlorine abundance, tropical 56 
tropopause temperatures) and to a much better understanding of the strengths and weaknesses of CCMs. The 57 
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quantitative evaluation has also allowed to identify remaining common systematic errors which include the 1 
simulation of tropical lower stratospheric temperature and water vapour, details of the Antarctic polar vortex 2 
and the ozone hole, and the representation of the quasi-biennial oscillation (SPARC-CCMVal, 2010). An 3 
extension of the CCMVal concept of process-oriented evaluation to Earth system models was recently 4 
suggested by Eyring et al., J. Clim, in preparation, 2011. [to be updated with CMIP5 studies] 5 
 6 
[Process-oriented cloud metrics to be discussed here; (Williams and Webb, 2009)]  7 
 8 
[More examples from CMIP5 analyses to be added if available.] 9 
 10 
9.6.3 Targeted experiments 11 
 12 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 13 
 14 
9.6.3.1 Transpose AMIP  15 
 16 
It is well understood that sources of numerous errors in climate model simulations can be traced to 17 
uncertainties in the parameterisation of sub-grid scale processes in the atmosphere. These processes, 18 
including clouds, convection and turbulence, are computed from the large-scale (i.e., resolved-scale) state of 19 
the atmosphere. Furthermore, differences in the simulation of these processes account for much of the spread 20 
between models in their climate change projections (Soden and Held, 2006; Webb et al., 2006). These 21 
processes have inherent timescales that are considerably shorter than those associated with the evolution of 22 
the large-scale state; therefore it is highly valuable to test their response when initialized with an observed 23 
large-scale state, before errors in the processes can substantially alter or feedback to the large-scale. This test 24 
is performed by initializing the atmosphere portion of a climate model with a global analysis of the large-25 
scale atmospheric state from a numerical weather prediction center – essentially running the climate model 26 
in ‘weather forecast mode’ (see also Section 9.2.2.5). From examination of the first few days of model 27 
simulations one can identify which errors in climate simulation are due to errors in the parameterisation of 28 
these processes and which errors result from longer time scale feedbacks of these processes with the large-29 
scale state of the atmosphere or other component models of Earth’s climate. 30 
 31 
The increasing use of this technique by the climate modeling community has led to an intercomparison 32 
project entitled Transpose-AMIP involving several of the atmosphere models used for IPCC climate 33 
simulations. From many recent studies with individual models, as well as the long-term experience at 34 
modeling centers with both climate and weather prediction goals (Martin et al., 2010; [Senior et al., 2009 35 
book reference needed], it is anticipated that Transpose-AMIP will be valuable in identifying the source of 36 
model errors and assessing confidence in the ability of climate models to simulate the fast processes. Recent 37 
examples following the Transpose-AMIP methodology include the identification that overestimates in 38 
winter-hemisphere tropical precipitation during solstice seasons is present in the first few days of a forecast 39 
of some models (Moncrieff et al., 2011) whereas biases in tropical precipitation associated with the double 40 
Intertropical Convergence Zone result from longer-time scale interactions with the large-scale state (Phillips 41 
et al., 2004). For phenomena with time-scales of weeks, such as soil moisture and the Madden Julian 42 
Oscillation, errors in the simulated forecast precipitation have predictive power as to whether the model in 43 
climate mode can successfully simulate the fast processes associated with these phenomena (Boyle et al., 44 
2008; Klein et al., 2006; Martin et al., 2010). Errors in cloud properties appear to present from very early on 45 
in a forecast in at least one model (Williams and Brooks, 2008), although this was not the case in another 46 
model (Zhang et al., 2010). To the extent that errors are present from early in the forecast, this guides 47 
scientists to focus on improving the parameterisations directly rather than to focus on other processes such as 48 
a land-surface model or the interactions with the large-scale state of the sub-grid atmospheric processes. The 49 
Transpose-AMIP methodology also allows scientists involved with the improvement of climate models to 50 
test new parameterisations against advanced process observations that only available for limited locations 51 
and times (Bodas-Salcedo et al., 2008; Boyle and Klein, 2010; Hannay et al., 2009; Williamson and Olson, 52 
2007; Williamson et al., 2005; Xie et al., 2008). [Results from Transpose-AMIP to be assessed once they 53 
become available.] 54 
 55 
9.6.3.2 Simulation of Key Periods in the Past  56 
 57 
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Comparison of model results for the LGM, the mid-Holocene and the Last millennium also help to identify 1 
some of the feedbacks that explain intermodel differences and the reasons of model mismatches with 2 
observations. Several groups have also run additional sensitivity experiments to test the role of model biases 3 
that have been identified.  4 
 5 
The vegetation feedback, resulting from the replacement of one type of vegetation by another has received 6 
considerable attention because it was shown to produce a positive feedback on the initial climate 7 
perturbation (see AR4). New results for the LGM confirm the initial estimates and show that the vegetation 8 
induces a cooling ranging from [xx] to [yy] °C [reference needed]. [regional information to be added if 9 
available]. However models tend to produce [tbc based on Woilliez et al. (in preparation) and O’Ishi et al. (in 10 
preparation]. It also confirms that the role of CO2 on vegetation account for about [xx%] of the vegetation 11 
change stressing that its variations need to be considered in the atmosphere coupling in model with dynamic 12 
vegetation (Harrison and Prentice, 2003). For the mid Holocene the vegetation feedback was shown to 13 
translate the seasonal insolation forcing in the northern hemisphere into an annual mean warming, but model 14 
tends to produce too large mid continental aridity that is not seen in data (Wohlfahrt et al., 2008). These 15 
feedbacks have been revisited by (Otto et al., 2009). Using an experimental set up that allow to separate the 16 
response into the pure feedbacks from ocean and vegetation and their mutual interactions (Dallmeyer et al., 17 
2010). They show that that the largest feedback in high latitude was due to the ocean-ice albedo feedback 18 
that produce warmer condition around the Arctic and that vegetation was responding to this warming and not 19 
directly causing it. [additional studies to be included if available.] In the tropical regions, simulations of the 20 
mid-Holocene with ESM including dynamic vegetation confirm [tbc] that the vegetation feedback is not as 21 
large as previously inferred from asynchronous coupling and that changes in soil moisture has an impact that 22 
can be as large as that of vegetation in some models [tbc] [include new results if available]. The new 23 
simulations confirms the role of vegetation temperature, but show that model biases in the simulation of the 24 
present day simulation prevent the simulation of the right vegetation changes. O’Ishi et al. (in preparation).  25 
 26 
Model biases in paleoclimate simulations have been investigated in different ways. For example, using the 27 
MIROC3.2 model coupled to a slab ocean model (Ohgaito and Abe-Ouchi, 2009) and Abe-Ouchi (in 28 
preparation) tested the impact of the SST biases in the control simulation. They show that the pattern of the 29 
preindustrial SST has larger impact than the magnitude on mid-Holocene simulations of the Asian monsoon. 30 
However, the representation of atmospheric processes such as convection seems to dominate the model 31 
spread in this region. [Link with convection (Zheng, in preparation)].  32 
 33 
The sensitivity of the simulated change in AMOC at the LGM to different aspect of the fresh water forcing, 34 
including river runoff, precipitation minus evaporation or ice calving has been reported in several 35 
publications (Kageyama et al., xxxx; Oki et al., in preparation; Xu et al., in preparation). They show that the 36 
transition from an active circulation to a shut down is sensitive to small changes in these fluxes. A correct 37 
simulations of the temperature and salinity fields is thus required in high latitude which imposes a realistic 38 
treatment of the river runoff and of its change (Alkama et al., 2008) 39 
 40 
Model resolution is another aspect that has been explored.  41 
 42 
[If available, include millennium then discuss vertical resolution and the impact on better representation of 43 
the polar vortex and improved regional agreement of model results with paleo proxy data (Koerper et al., in 44 
preparation).] 45 
 46 
[Overall conclusion to be added] 47 
 48 
9.6.3.3 Sensitivity to Resolution  49 
 50 
[PLACEHOLDER FOR FIRST ORDER DRAFT] 51 
 52 
9.6.3.3.1 High-resolution GCMs 53 
Impacts of improved resolution on model performance (or, equivalently, the role of insufficient resolution as 54 
a source of model error) can be tested by comparing simulations from the same model (or a component of 55 
the model) run at different resolutions.  56 
 57 
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Since the AR4, several studies have investigated the resolution dependence of various aspects of model 1 
performance. Roeckner et al. (2006) compared seasonal mean climate simulated by an AGCM (ECHAM5) 2 
run at different horizontal and vertical resolutions. They found that at lower vertical resolution (19 levels) 3 
there was no consistent improvement with increasing horizontal resolution, while at higher vertical 4 
resolution (31 levels) model error decreased monotonically with increasing horizontal resolution. Wehner et 5 
al. (2010) showed that an AGCM (CAM2) run at around 0.5 degree horizontal resolution realistically 6 
reproduce observed intensity of extreme daily precipitation over the continental United States, while lower 7 
resolution runs severely underestimated the intensity.  8 
 9 
As for oceanic components, although in principle solving the same equations, laminar ocean models simulate 10 
an ocean that is quite distinct from that simulated by turbulent ocean models. This point is well illustrated by 11 
the European Drakkar Project, wherein a hierarchy of global ocean-ice model configurations (with 12 
resolutions from two degrees to 1/12 degree) has been used to systematically study modifications arising 13 
from refining the ocean resolution (allowing better representation of the ocean mesoscale, and more accurate 14 
land-sea boundaries) (Barnier et al. 2011). Results from the Drakkar hierarchy suggest that some large-scale 15 
climate indices, such as variability in the meridional overturning and poleward heat transport, may not be 16 
very sensitive to grid resolution.  17 

 18 
Marti et al. (2010) increased the atmospheric resolution of an AOGCM (IPSL CM4) and found 19 
improvements in storm-tracks and the North Atlantic oscillation over the standard model. The impact of the 20 
higher atmospheric resolution also extends to improvements in the Atlantic meridional overturning 21 
circulation in the ocean and ocean-atmosphere dynamical coupling in the tropics. However, in their case, the 22 
improved dynamics in the tropics resulted in a too large ENSO amplitude and somewhat deteriorated 23 
performance in that aspect. Adopting much higher resolutions, mesoscale eddying ocean simulations 24 
(roughly 10km or finer) coupled to fine scale (order 1/2 degree or finer) atmospheric models exhibit vigorous 25 
frontal scale air-sea interactions between sea surface temperature and winds, such as those seen in high-26 
resolution satellite observations, with some of these interactions impacting on processes important for water 27 
mass formation (Bryan et al., 2010). In the tropics, a hierarchy of GFDL coupled climate models with 28 
varying grid resolution (Delworth et al., 2011, in preparation) point to the dual importance of atmosphere 29 
and ocean resolution for ameliorating biases associated with the double ITCZ occuring in the tropical Pacific 30 
(Lin, 2007a). 31 

 32 
Overall, recent evidence confirms that improvement of resolution is a promising way to improve various 33 
aspects of model performance. However, it should be noted that improved resolution sometimes causes a 34 
degradation of performance by breaking a balance of compensating errors in a well-tuned lower resolution 35 
model, as in the case of ENSO amplitude of Marti et al. (2010).  36 
 37 
9.6.3.3.2 RCMs 38 
Although AOGCMs have increased their horizontal resolution, many impact studies require still higher 39 
resolution as input to hydrological or crop productivity modelling. Regional climate models, either singly or 40 
doubly nested, can be used to downscale to resolutions as fine as 4 km (e.g., Sasaki et al, 2008; Kusaka et al 41 
2010). This increase in horizontal resolution generally causes an increase in precipitation especially around 42 
mountainous areas where topography becomes more accurately represented and peaks can be higher. RCM 43 
runs over North America (Leung and Qian, 2003) and over Europe using an ensemble of 9 different models 44 
(Rauscher et al, 2010) have illustrated this, and it has been shown that precipitation statistics from an RCM 45 
at high resolution tend to be more like observations than the driving AGCM (Kanada et al. (2010)).  46 
 47 
The representation of surface processes in an RCM can have an important impact on the simulated climate. 48 
For example, Samuelsson et al (2010) show that by including a lake model in an RCM, the collective 49 
presence of the relative shallow lakes in Europe can contribute to an increase in air temperature over 50 
adjacent land. Improvements in the surface representation can generate finer atmospheric structures (Giorgi 51 
and Marinucci, 1996), and Castro et al (2005) show that as the resolution gets finer, the kinetic energy and its 52 
variance improve. 53 
 54 
Regional Climate Models (RCMs) are strongly constrained by conditions prescribed on their lateral 55 
boundaries. In addition to sampling errors arising from natural internal variability (Laprise et al. 2008), 56 
errors in the RCM solution reflect both errors attributable to the RCM itself and those attributable to 57 
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boundary conditions or the manner in which they are prescribed. Typically, boundary conditions are applied 1 
ether by adopting a ‘buffer zone’ of 5 to 10 grid points around the RCM domain over which the boundary 2 
conditions are smoothly applied (Davies, 1976), or they are applied directly on the outer edge of the domain 3 
(Mesinger, 1977). Comparison between these schemes has shown no clear advantage of one over the other 4 
(Veljovic et al., 2010). 5 
 6 
The effect of the boundary itself has been explored in so-called “Big-brother” experiments (Denis et al., 7 
2002). This involves an RCM run at high resolution over a large domain: the big-brother run. To mimic 8 
coarse resolution driving data, a filter is applied to remove smaller scales from the big-brother run and the 9 
result is used as a boundary condition for the same RCM at the same high resolution but a smaller sub-10 
domain: the little-brother run. Because the same model is used in the big-brother and the little-brother, the 11 
differences between the runs should be due to the initial and lateral boundary conditions. Comparisons show 12 
small differences, suggesting that RCMs can, in principle, simulate the small-scale climate features absent in 13 
the lateral boundary conditions.  14 
 15 
The large-scale pattern of the atmosphere generated by the RCM should be consistent with that of the large-16 
scale driving data. Some experiments have shown degradation by the RCM (Castro et al., 2005; Laprise et 17 
al., 2008) whereas (Veljovic et al., 2010) while others have shown that the RCM may actually improve the 18 
large-scale results, at least in terms of the upper level jet . (Castro et al., 2005) analyzed the spectra of RCM 19 
results at different resolution and domain size. They showed that as the grid size and domain size increased, 20 
the RCM retained less of the large scale data. In a forecasting context, Veljovic et al (2010) showed that 21 
RCM runs using ECMWF GCM ensemble forecasts as the lateral boundaries had better skill than the GCM 22 
forecast.  23 
 24 
The location of the lateral boundaries can also have an important impact on RCM performance (Giorgi et al., 25 
1996). For example, (Liang et al., 2001) and (Xue et al., 2007), using two different RCMs, found that 26 
domains which extended further south degraded the precipitation and low-level jet simulations possibly due 27 
to the uncertainties along the southern boundary. 28 
 29 
The issue of the position of the lateral boundaries is also related to the issue of the domain size. When the 30 
lateral boundary is close to the area of interest, the downscaled climatology is strongly constrained by the 31 
driving boundary data, whereas further from the boundaries, small-scale features can be generated. This 32 
suggests that the size of the domain should be carefully chosen in order to achieve added value of the RCMs 33 
over the driver GCMs. In (Jones et al., 1995), four different 90-day RCM runs over Europe showed that the 34 
larger domain, which included the North Atlantic, diverged from the driving AOGCM data; the intermediate-35 
size domain size produced more variability than the driving AOGCM, while the smallest domain produced 36 
less variability. Similar results were obtained by (Seth and Giorgi, 1998) and (Xue et al., 2007). By applying 37 
the Big-brother experiment, (Leduc et al., 2011) showed that the variance of the small-scale transient eddies 38 
of wind is underestimated in smaller domains and at upper levels, over North America summer, this 39 
underestimation was clearer in winter (Leduc and Laprise, 2009) when upper level winds are stronger. While 40 
the smaller scale features of precipitation improved in larger domains, the time correlation of precipitation 41 
decreased. Spectral nudging (von Storch et al., 2000) has been adopted by some RCMs to keep the large 42 
scales of the RCM solution close to that of the driving AOGCM .  43 
 44 
9.6.3.4 Perturbed Physics Ensembles  45 
 46 
Perturbed physics ensembles (PPE) have been developed to evaluate the sensitivity of a single model to 47 
uncertain model parameters, and to evaluate the range of model parameters that is consistent with observed 48 
climate records. Both goals have been addressed using full-complexity component models and reduced-49 
complexity EMICs (see below). Owing to the computational requirements, full-complexity AOGCMs have 50 
only recently begun to be employed within the PPE framework (Brierley et al., 2010b; Collins et al., 2007; 51 
Sanderson et al., 2010).  52 
 53 
Initial work with PPEs was undertaken in the EMIC community to sample model response uncertainty and 54 
calibrate parameters so as to reproduce climate change observations (Forest et al., 2008; Forest et al., 2002b; 55 
Knutti et al., 2002) This approach provides estimates of joint distributions of model parameters that typically 56 
correspond to climate system properties. As a model evaluation tool, these joint distributions are then used to 57 
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assess uncertainty in models for which creating ensembles are prohibitively expensive, namely, AOGCMs 1 
and ESMs. Key model diagnostics such as climate sensitivity, ocean carbon uptake, or aerosol forcing are 2 
analyzed in both EMICs and ESMs; the joint distributions from the EMIC calibration provide a measure of 3 
uncertainties in the ESMs given their distribution within the calibrated estimate of the model diagnostics 4 
(Forest et al., 2008; Forest et al., 2002b; Knutti et al., 2002; Sokolov et al., 2010; Stott and Forest, 2007; 5 
Tebaldi and Knutti, 2007b; Xiao et al., 1998). [Figure 9.32 to illustrate evaluation of climate model 6 
sensitivity based on 20th century observations; new results to be assessed as they become available.] 7 
 8 
[INSERT FIGURE 9.32 HERE] 9 
Figure 9.32: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure from (Stott and Forest, 2007) 10 
Probability distributions of Transient Climate Response estimated from climate change detection statistics 11 
and from calibrated EMICs. (Figure 8 and caption from (Stott and Forest, 2007)). Caption from: Probability 12 
distributions of TCR (expressed as warming rates over the century), as constrained by observed 20th century 13 
temperature change, and as calculated using HadCM3 (red), PCM (green), GFDL (blue) and from 14 
unweighted average of all three PDFs (turquoise). Coloured circles show each model's TCR. Also shown as 15 
diamonds are the TCRs of climate models forming part of the IPCC AR4 ensemble and the 5 to 95 percentile 16 
range derived by (Forest et al., 2006) using a large ensemble of EMICs is shown as the black bar with the 17 
star showing the median. [Data from (Knutti and Tomassini, 2008) to be incorporated.]  18 
 19 
Several PPE ensembles constructed with the Hadley Centre climate model (HadCM3) have been compared 20 
with the multi-model ensembles of CMIP3 and CFMIP (Collins et al., 2010). For many variables the range 21 
of errors in the PPE ensembles is comparable to that found in the CMIP3 ensemble. In the PPE experiments, 22 
the systematic component (i.e., common to all members) of the total error is larger than the random 23 
component (unique to individual members). As a result, the ensemble average does not yield better 24 
agreement with observations than the individual members, in contrast to the often superior MME average 25 
(Reichler and Kim, 2008a). However, there is evidence that the experimental design of a PPE can be 26 
controlled to more closely mimic the multi-model case where the magnitude of the random and systematic 27 
errors is comparable. This kind of comparison between the error structure of MMEs and PPEs can help 28 
improve understanding of the fundamental differences between the two, and may possibly lead to a better 29 
characterization of model uncertainty.  30 
 31 
9.6.4 Climate Sensitivity 32 
 33 
[PLACEHOLER FOR FIRST ORDER DRAFT] 34 
 35 
9.6.4.1 Role of Cloud Feedbacks in Climate Sensitivity 36 
 37 
Cloud feedbacks represent one of the main causes for the range in climate sensitivity across multi-model 38 
ensembles of AOGCMs. The spread due to inter-model differences in cloud feedbacks is approximately 3 39 
times larger than the spread contributed by feedbacks due to variations in water vapor and the lapse-rate and 40 
in ocean heat uptake (Dufresne and Bony, 2008) and is a primary factor governing the range of climate 41 
sensitivity across 18 models in the CMIP3 ensemble (Volodin, 2008b). Differences between the equilibrium 42 
sensitivity to 2 × CO2 and the transient climate response to 1% CO2 yr–1 at the time of doubling are due 43 
primarily to the differences in the shortwave cloud feedback between the two experiments (Yokohata et al., 44 
2008). In perturbed ensembles of the Hadley Centre Atmospheric Model coupled to slab ocean (HadSM3) 45 
and the Model for Interdisciplinary Research on Climate (MIROC3.2), the primary factor contributing to the 46 
spread in equilibrium climate sensitivity in both ensembles is the low-level shortwave cloud feedback 47 
(Yokohata et al., 2010). Changes in the sign of low-cloud feedbacks to increased CO2 forcing also explain 48 
the lower sensitivity of the new MIROC5 model relative to the prior version MIROC3.2 (Watanabe et al., 49 
2010). 50 
 51 
Application of radiative kernel techniques to multiple models forced by doubled CO2 show that while 52 
changes in cloud forcing can be either positive or negative, the cloud feedbacks are generally positive or near 53 
neutral (Shell et al., 2008; Soden et al., 2008). All of the models examined in a multi-thousand member 54 
ensemble of AOGCMs constructed by parameter perturbations also have net positive or neutral cloud 55 
feedbacks (Sanderson et al., 2010). This finding is consistent with the modeled and measured relationships 56 
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between SSTs and top-of-atmosphere radiative fluxes, which suggest that interannual cloud variations act as 1 
a positive feedback in the current climate (Chung et al., 2010a).  2 
 3 
Over the north-east Pacific, decadal-scale fluctuations in surface and satellite-based measurements of low-4 
level cloud cover are significantly negatively correlated with variations in SST (Clement et al., 2009). This 5 
negative correlation is consistent with a positive low-cloud feedback in this region operating on decadal time 6 
scales. Models that reproduce this negative correlation and other relationships between cloud cover and 7 
regional meteorological conditions simulate a positive low-cloud feedback over much of the Pacific basin 8 
(Clement et al., 2009).  9 
 10 
Analyses of the tendencies in cloud condensate when multiple models are subjected to a CO2 increase shows 11 
that inter-model differences in cloud response are attributable to different parameterisations of ice 12 
sedimentation processes (Ogura et al., 2008). In experiments with perturbed physics ensembles of AOGCMs, 13 
the parameterisation of icefall speed also emerges as one of the most important determinants of climate 14 
sensitivity (Sanderson et al., 2010; Sanderson et al., 2008b).  15 
 16 
9.6.4.2 Relationships Among Forcings, Feedbacks, and Climate Sensitivity 17 
 18 
Despite the range in equilibrium sensitivity of 2.1°C to 4.4°C for AR4 AOGCMs, these models reproduce 19 
the global surface air temperature anomaly of 0.76°C over 1850–2005 to within 25% relative error. The 20 
relatively small range of transient climate response suggests that there is another mechanism in the models 21 
that counteracts the relatively large range in sensitivity, and that mechanism appears to be a systematic 22 
negative correlation across the multi-model ensemble between climate sensitivity and anthropogenic forcing  23 
(Anderson et al., 2010; Kiehl, 2007; Knutti, 2008). The effect of eliminating this compensation between 24 
forcing and feedback could range from relatively minor (Knutti, 2008) to major expansion in the range of 25 
equilibrium climate sensitivity to 2.1°C–4.4°C (Huybers, 2010). 26 
  27 
9.6.4.3 Role of Humidity and Lapse Rate Feedbacks in Climate Sensitivity 28 
 29 
Correlations between coincident variations in SST and clear-sky outgoing longwave radiation (OLR) provide 30 
estimates on the rate of radiative damping of SST fluctuations. Modelled values for clear-sky damping are 31 
internally consistent across the AR4 multi-model ensemble and are a good approximation of the empirical 32 
damping rate obtained from SST data and satellite observations of clear-sky OLR (Chung et al., 2010b). The 33 
modelled and observationally derived damping rates are consistent with a strong positive correlation between 34 
SST and water vapour on regional to global scales. The relationship of fluctuations in SST and upper-35 
tropospheric humidity can be derived directly from the Atmospheric Infrared Sounder (AIRS), and the 36 
results show that a typical AGCM is capable of reproducing the positive rate of increase in specific humidity 37 
with increased SST of 10%–25% °C–1 (Gettelman and Fu, 2008).  38 
 39 
9.6.4.4 Role of Oceanic Heat Uptake and Other Oceanic Processes in Climate Sensitivity 40 
 41 
Atmospheric feedbacks derived using the radiative kernel technique from perturbed-physics AOGCM 42 
ensembles are relatively insensitive to perturbations of ocean parameters (Sanderson et al., 2010). In 43 
perturbed-physics ensembles with alterations to parameters governing three key ocean processes, the effects 44 
of the perturbations on the ocean heat uptake and transient climate response are relatively small (Collins et 45 
al., 2007). The key ocean processes perturbed in these experiments include isopycnal and vertical diffusivity 46 
and the structure of the mixed layer adjacent to the ocean surface.  47 
 48 
9.6.4.5 Sources of Uncertainty in Modelled Climate Sensitivity 49 
 50 
Objective methods for perturbing uncertain model parameters to optimize performance relative to a set of 51 
observational metrics have shown a tendency toward an increase in the mean and a narrowing of the spread 52 
of estimated climate sensitivity (Jackson et al., 2008a). This tendency is opposed by the effects of gaining 53 
better knowledge regarding structural biases shared across a multi-model ensemble. Determination that there 54 
is a nonzero probability of shared structural biases tends to reduce the mode of the sensitivity distribution 55 
towards lower values while simultaneously the tail of the distribution towards larger sensitivities (Lemoine, 56 
2010). Roe and Baker (2007) suggest that symmetrically distributed (e.g., Gaussian) uncertainties in 57 
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feedbacks lead to inherently asymmetrically distributed uncertainties in climate sensitivity with increased 1 
probability in extreme positive values of the sensitivity. Roe and Baker (2007) conclude that this relationship 2 
makes it extremely difficult to reduce uncertainties in climate sensitivity through incremental improvements 3 
in the specification of feedback parameters. Subsequent analysis suggests that this finding and the underlying 4 
relationship between uncertainties in feedbacks and climate sensitivity artefacts both of their statistical 5 
formulation (Hannart et al., 2009) and their linearization (Zaliapin and Ghil, 2010). 6 
 7 
Using a Bayesian framework to analyse perturbed physics experiments using a slab-ocean GCM, Sanderson 8 
et al (2008b) and Rougier et al (2009) find that the rate of cloud entrainment is the single most important 9 
source of uncertainty in AOGCM sensitivity. An additional source of uncertainty in equilibrium sensitivity is 10 
apparently an inherent feature of the idealized experiments used to derive it. These experiments involve 11 
instantaneously increasing (usually doubling) the concentrations of CO2 and then monitoring the rate at 12 
which radiative equilibrium is restored or estimating the asymptotic equilibrated surface temperature 13 
increase. The instantaneous increase induces very rapid atmospheric and terrestrial adjustments analogous to 14 
the semi-direct effects of aerosols including adjustments to the cloud field, tropospheric lapse rate and 15 
humidity and snow cover (Andrews and Forster, 2008; Gregory and Webb, 2008). These findings have 16 
highlighted the importance of separating the fast responses that depend on (instantaneous) changes in forcing 17 
and the feedbacks that follow the much slower adjustments in ocean temperature. 18 
 19 
9.6.4.6 Role of Carbon-Cycle Feedbacks in Climate Sensitivity 20 
 21 
[PLACEHOLDER FOR FIRST ORDER DRAFT: References include (Friedlingstein and Prentice, 2010), 22 
(Field et al., 2007),(Gregory et al., 2009),(Sitch et al., 2008),(Luo, 2007),(Thornton et al., 2009), possibly 23 
(Randerson et al., 2009), etc.] 24 
 25 
9.6.4.7 Comparison Between Future Climate and Last Glacial Maximum 26 
 27 
The AR4 reported on new attempts to relate the simulated LGM changes in tropical SST to global climate 28 
sensitivity, providing thereby a range of acceptable climate sensitivity valued from LGM proxy records 29 
(Hegerl et al., 2007). These studies tested either ensemble simulations with varying parameters or the PMIP2 30 
multi-model ensemble, even though the latter was of small size (Crucifix, 2006). Edwards et al. (2007) 31 
proposed a synthesis of these studies (Figure 9.33) and discussed the value added and the limitation of 32 
combining constraint on past climate and of present day climate, such as the one developed in Annan and 33 
Hargreaves (Annan and Hargreaves, 2006). LGM Temperature changes in the tropics and in Antarctica have 34 
been shown to scale well with climate sensitivity, even though in ensemble simulations with the MIROC 35 
model coupled to a slab ocean model the LGM cooling and the warming induced by a doubling of CO2 are 36 
not symmetrical (Hargreaves et al., 2007). Differences in the cloud radiative feedback are at the origin of this 37 
asymmetry (Yoshimori et al., 2009). These analyses have been extended to the LGM simulations realised as 38 
part of CMIP5 [reference needed]. It is thus possible to compare in a consistent way the major feedbacks 39 
operating in a warmer and a colder world for [zzz] models [Table xx]. [Feedbacks / future to be discussed]  40 
 41 
[INSERT FIGURE 9.33 HERE] 42 
Figure 9.33: [PLACEHOLDER FOR FIRST ORDER DRAFT] [Example of figure that could be drawn 43 
using CMIP5 results, compared to PMIP3 (the one included here) and to other ensemble simulations (new 44 
estimates should be available soon). It is only an example, but a completely new set of figures will be 45 
proposed when new results are available.] The legend for this figure is extracted from Edwards et al. 46 
(Edwards et al., 2007): Climate sensitivity as a function of tropical sea surface temperature change between 47 
the pre-industrial and the LGM for three model ensembles: the MIROC3.2 model with PMIP LGM boundary 48 
conditions (Annan, private communication); the CLIMBER-2 model with PMIP LGM boundary conditions; 49 
and CLIMBER-2 with additional dust and vegetation forcings (Schneider von Deimling, private 50 
communication). For comparison, five PMIP 2 coupled ocean-atmosphere GCMs are shown (Crucifix, 51 
2006). The MIROC3.2 ensemble uses a simpler version of the model than PMIP 2. The vertical lines indicate 52 
the 1σ limits of reconstructed tropical SST change at the LGM from Ballantyne et al. (2005). 53 
 54 
[The different constraints from data, either global or regional, suggest that model with climate sensitivity 55 
between [xxx] and [xxx] are in better agreement with paleo data; information about feedbacks to be 56 
included; information about ESM/OA to be included; and previous estimates (PMIP2) to be included.  57 
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Rapid synthesis of impact relative impact of different forcings and adjustment of tropical climate to be 1 
included if literature available. Conclusion on what it brings/future climate to be included.] 2 
 3 
9.6.5 Discussion of Results in Context of Section 9.3 and Section 9.4 4 
 5 
[PLACEHOLDER FOR FIRST ORDER DRAFT: this section will relate the mechanistic analysis of Section 6 
9.6 back to the errors in the CMIP5 simulations assessed in Sections 9.3 and 9.4, i.e., can we explain some of 7 
the errors illustrated earlier? Where possible, examples of role of model complexity in model errors/biases to 8 
be included.] 9 

 10 
1) Introductory examples of interactions of climate error and other types of simulation error 11 

a) Interaction of errors in surface stress (Ekman transport) and the oceanic carbon cycle 12 
b) Interactions of errors in rainfall and the terrestrial carbon cycle (e.g., Amazon sink) 13 

2) Role of fast physics in setting biases, as established by Transpose AMIP 14 
a) Errors in mean climate, in particular the double ITCZ 15 
b) Errors in intraseasonal variability, i.e., MJO 16 
c) Errors in interannual to decadal variability, e.g., ENSO, and other major modes 17 
d) Errors in teleconnections, e.g., errors in standing waves due to errors in TWP 18 

3) Insights from perturbed physics ensembles: 19 
a) Are models errors primarily parametric or structural in nature, or are other errors sources dominant? 20 
b) Information from new types of perturbed ensembles, e.g., coupled systems, on propagation of 21 

parametric uncertainty to other components of the climate system 22 
c) Information from perturbed ensembles in other components, e.g., land. 23 

4) Insights from high-resolution modeling and RCMs 24 
a) To what extent are errors reduced with increasing resolution? 25 
b) Evidence for “irreducible” errors that resolution cannot mitigate due to uncertainties in parametric 26 

settings/structural formulation/initial conditions/boundary conditions. 27 
c) Evidence from eddy-permitting/resolving ocean models that identifies errors in thermohaline 28 

circulation, tracer mixing, and oceanic mixing timescales in conventional AOGCMs 29 
d) Is agreement and/or fidelity across a multi-model ensemble improved by increasing the resolution of 30 

the ensemble members?] 31 

 32 
9.7 Relating Model Performance to Credibility of Projections  33 
 34 
This chapter has quantitatively assessed the performance of individual CMIP5 models as well as the multi-35 
model mean in comparison to observations. A wide range of skills was obtained [for CMIP3 models; 36 
update], showing that there is a large variation in the ability of the models to simulate essential climate 37 
variables (Cadule et al., 2010; Connolley and Bracegirdle, 2007; Gleckler et al., 2008; Macadam et al., 2010; 38 
Pincus et al., 2008b; Reichler and Kim, 2008b), underlying key processes (Waugh and Eyring, 2008; 39 
Williams and Webb, 2009), and climate phenomena (Guilyardi et al., 2009b). The large variation in skill 40 
occurs both for different performance metrics applied to a single model as well as for the same performance 41 
metric applied to different models. No model scores high or low in all metrics, but some models perform 42 
substantially better in comparison to others [tbc for CMIP5]. The assessment has also shown that some 43 
classes of models, e.g., those with higher horizontal resolution, higher model top or a more complete 44 
representation of the carbon cycle, agree better with observations in selected processes, phenomena or ECVs 45 
than others [tbc – the reverse might be true; to be specified].  46 
 47 
The ability of a climate model to reproduce past climate and its variability is a necessary, but not sufficient, 48 
condition for reliable projections of future change. Certainly the ability to realistically simulate the response 49 
to historical changes in climate forcing (between contemporary and paleo, or transient changes over the 20th 50 
century) provides some reassurance that projections of future change are credible; however future climate 51 
forcing drives the climate system outside of the range that has been observed. The ability of climate models 52 
to realistically reproduce observed climate processes, variability and interrelationships contributes to 53 
confidence in their ability to simulate future change in spite of the excursion into ‘unknown territory’. 54 
Finally, the application of models to climate prediction on seasonal to interannual time scales (discussed in 55 
Chapter 11) provides some modest ability to directly verify climate model predictions. Nevertheless, our 56 
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ability to directly evaluate long-term future climate projection is necessarily limited to inferences drawn 1 
from past performance.  2 
 3 
What is clear is that the collection of contemporary climate models is rather inhomogeneous, with some 4 
models performing better in some regards, and less well in others. This raises the question whether at least 5 
for some applications the reliability of climate projections can be improved by weighting the models 6 
according to their ability to reproduce observed climate.  7 
 8 
In weather and seasonal forecasting a large range of skill measures is routinely applied and sophisticated 9 
methods to combine multiple model results have been shown to be superior to simple multi-model mean 10 
averages (Stephenson et al., 2005). However, demonstrating the advantages of a weighted multi-model mean 11 
of climate projections remains difficult for many reasons. First, due to the longer time-scales, observations 12 
for verification are limited. Second, a conclusive link between model performance in the current climate and 13 
the response to climate change forcings has not been established. For instance, the detection and attribution 14 
study by Santer et al. (2009) shows that the anthropogenic water vapour fingerprint is insensitive to current 15 
model uncertainties, and is governed by basic physical processes that are well-represented in CMIP3 models.  16 
 17 
Several studies have started to explore the value of weighting based on the models’ ability to simulate 18 
observed climate (Christensen et al., 2010; Connolley and Bracegirdle, 2007; Knutti et al., 2010a; Murphy et 19 
al., 2007; Pierce et al., 2009; Raisanen et al., 2010; Scherrer, 2010; Schmittner et al., 2005; Waugh and 20 
Eyring, 2008). In general, only small differences between the weighted and unweighted multi-model mean 21 
were found, while the standard deviation in the weighted mean was smaller. Other approaches have 22 
employed statistical techniques mostly based on a Bayesian approach in which prior distributions of model 23 
simulations are weighted by their ability to reproduce present day climatological variables and trends to 24 
produce posterior predictive distributions of climate variables (Furrer et al., 2007; Tebaldi and Knutti, 25 
2007a). Perturbed physics ensembles in which perturbations are made to the parameters in a single modelling 26 
structure have also been explored (Murphy et al., 2007), see also Section 12.4.1. There are some examples 27 
where the large inter-model variations in both mean climate and past trends are well correlated with 28 
comparably large inter-model variations in the model projections (Boe et al., 2009a; Boe et al., 2009b; 29 
Eyring et al., 2007; Hall and Qu, 2006; Mahlstein and Knutti, 2010). Hall and Qu (2006) showed that large 30 
inter-model variations in the seasonal cycle of the snow albedo feedback are strongly correlated with 31 
comparably large inter-model variations in snow albedo feedback strength on climate change timescales, see 32 
Figure 9.34 ((de Jong et al., 2009), (Hall and Qu, 2006)). 33 
 34 
To date a robust approach to assigning weights to individual model projections of climate change has not 35 
been identified, and several studies point to the general difficulties in model weighting. Multiple studies have 36 
shown that different sets of performance metrics produce different rankings of models (Christensen et al., 37 
2010; Gleckler et al., 2008; Schaller et al., 2011; Waugh and Eyring, 2008). For essential climate variables 38 
such as temperature, the correlations between the current mean climate state and the mean state in future 39 
projections are often weak (Knutti et al., 2010a; Raisanen et al., 2010; Whetton et al., 2007). Ultimately it is 40 
the realistic representation of processes on various spatial and temporal scales (e.g., monthly, annual, 41 
decadal, centennial), especially those related to important feedbacks in the climate system, that is expected to 42 
improve the credibility of model projections (Eyring et al., 2005; Knutti et al., 2010b). Hence a thorough 43 
evaluation of all aspects of climate models as carried out in this chapter appears prudent to guide the 44 
assessment of model quality.  45 
 46 
In the end, weighting models based on performance metrics of present day climate must be considered 47 
carefully. It carries the risk of double counting observations that were already used in the model evaluation 48 
process, and the risk of obtaining biased or overconfident results if model weights are incorrectly specified 49 
or dependent on natural variability (Weigel et al., 2010), in particular in small ensembles. At present, 50 
statistical relationships among models that lead to refined distributions of climate sensitivity need to be 51 
supported by physical arguments in order to be credible (Klocke et al., 2011). But in cases where 52 
performance metrics are clearly related to inter-model spread in projections, and where the relationship 53 
between the observable and projection is robust and well understood, it might be feasible to weight models 54 
or to choose subsets of models (Allen et al., 2000; Forest et al., 2002a; Frame et al., 2006; Stott et al., 2006) 55 
[to be specified for CMIP5]. 56 
 57 
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[INSERT FIGURE 9.34 HERE] 1 
Figure 9.34: [PLACEHOLDER FOR FIRST ORDER DRAFT] Scatter plot of simulated springtime Δαs/ΔTs 2 
values in climate change (ordinate) vs simulated springtime Δαs/ΔTs values in the seasonal cycle (abscissa) 3 
in transient climate change experiments with 17 AOGCMs (αs and Ts are surface albedo and surface air 4 
temperature, respectively). From Hall and Qu (2006). [to be replaced with promising new and not yet 5 
existing CMIP5 figure that relates model performance to projections.] 6 
 7 
 8 
[START FAQ 9.1 HERE] 9 
 10 
FAQ 9.1: Are Climate Models Getting Better, and How Would We Know? 11 
 12 
Climate models are extremely complex pieces of software that simulate, with as much fidelity as possible, 13 
the marvellously complex interactions between the atmosphere, ocean, land surface, and ice, the global 14 
ecosystem, and a variety of chemical and biological processes. Complexity in such models has certainly 15 
increased since the first IPCC Assessment, and so in that sense current Earth System models are vastly 16 
‘better’ than the models available when that assessment was written in the late 1980s. Current models also 17 
operate at much higher spatial resolution (i.e., they resolve much finer-scale detail) owing to the continuing 18 
increase in available computing resources. Today’s models have also benefitted from the past two decades of 19 
research into various climate processes, more comprehensive observations, and generally improved scientific 20 
understanding. So climate models of today are better ‘in principle’ than their predecessors; however, every 21 
bit of added complexity also introduces new sources of error and new interactions between model 22 
components that may, perhaps only temporarily, degrade the overall simulation of the climate system. 23 
 24 
Quantifying model performance is the primary objective of Chapter 9, and corresponding chapters have 25 
appeared in all of the previous IPCC Working Group I reports. So reading back over these earlier 26 
assessments provides a general sense of the improvements that have been made. However, past reports have 27 
typically provided a rather broad survey of model performance (either by showing differences between 28 
model-calculated versions of some climate quantity and some corresponding observational estimate). 29 
Inevitably some models perform better for certain climate variables, but no individual model clearly emerges 30 
as ‘the best’ overall. Recently, there has been progress in computing various ‘performance metrics’ whose 31 
aim is to synthesize model performance relative to a range of different observations in a simple numerical 32 
‘score’ (e.g., Gleckler et al., 2008; Murphy et al., 2004). Of course, the definition of such a score, how it is 33 
computed, the observations that are used (which are themselves uncertain to some extent), and the manner in 34 
which various scores are combined are all important and will all affect the end result. Nevertheless, if the 35 
metric is computed consistently, one can compare different generations of models. This has been done by 36 
(Reichler and Kim, 2008a) who demonstrated that, at least for the particular ‘performance index’ they 37 
computed, there was a steady improvement in models participating in the series of Coupled Model 38 
Intercomprison Projects: CMIP1 included models from the mid 1990s; CMIP2 included models from around 39 
2000; and CMIP3 from about 2005. Their results showed that, although each generation exhibited a range in 40 
model performance, the average model performance index improved steadily between each generation, with 41 
even the poorest performing model in a later generation performing on par with the mean model of the 42 
previous generation. A summary of model performance over time is shown in FAQ 9.1, Figure 1 and 43 
illustrates the ongoing improvement. 44 
 45 
So, yes, climate models are getting better, and we can demonstrate this with quantitative performance 46 
metrics. The issue that remains is that model performance can only be evaluated relative to past observations. 47 
In order to have confidence in future projections made with such models, it is necessary that past climate, its 48 
variability and change, be well simulated. But this may not sufficient. Weather predictions, and seasonal 49 
climate predictions, can be verified on a regular basis, whereas climate projections spanning a century or 50 
more cannot, particularly as anthropogenic forcing is driving the climate system toward conditions not 51 
observed in the instrumental record. However, climate models are based on verifiable physical principles, 52 
and are able to reproduce many important aspects of past response to external forcing, and so they provide a 53 
scientifically sound preview of the climate to come. 54 
 55 
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[FAQ 9.1, Figure 1 will be created based on results from all the past CMIP intercomparisons --- this is to be 1 
determined based on analyses still to be done and results that are not yet available. A ‘mocked up’ figure as a 2 
placeholder has been provided.] 3 
 4 
[INSERT FAQ 9.1, FIGURE 1 HERE] 5 
FAQ 9.1, Figure 1: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure illustrating model 6 
improvement over time, based on some metric, or collection of metrics (as indicated by the coloured 7 
‘clouds’), computed for models participating in the various CMIP intercomparions. A figure along these 8 
lines was published by Reichler and Kim (2008), but something a bit different to be produced based on more 9 
recent results and better understanding of the properties of various model performance metrics. 10 
 11 
[END FAQ 9.1 HERE] 12 
 13 
 14 
Supplementary Material 15 
 16 
[PLACEHOLDER FOR FIRST ORDER DRAFT] Material is largely unavailable at this point, drawing on 17 
results from CMIP5 for example. 18 

19 
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Tables 1 
 2 
Table 9.1a: Prototype Table 1 - List of coupled AOGCMs that participated at CMIP5 / MMD PCMDI. 3 
Selected model features of participating Earth System Models and important references. The models are listed by IPCC identification (Model ID) along with the 4 
calendar year of the first publication of results from each model. Also listed are respective sponsoring institutions, resolution information for atmosphere and ocean, 5 
features of the Carbon Cycle in ocean and land, details of the sea ice implementation, details of the terrestrial ecosystem implementation, and details on the coupled 6 
system. [This table would be aligned to fill a page in landscape mode, similar to AR4] 7 
Model ID Sponsor(s) Used 

for 
decadal 
Pred 

Atmosphere 
Resolution 
DOF 
Reference 

Ocean 
Resolution 
DOF 
Reference 

Carbon Cycle Ocean 
Resolution 
Land 
Reference 

Sea Ice 
Details 
Reference 

Land 
Details 
Reference 

Coupled System 
Flux Adjustments 
Reference 

Online at PCMDI (but not available yet) 
1. bcc-csm1-1 Beijing Climate 

Center 
(China) 

 T42L26 
H8192 V26 
BCC-AGC (from 
CAM3) 
 

1° × 1°–0.3° 
H83520 V40 
MOM4-L4 (from 
MOM4) 

    

2. CanESM2 Canadian Centre 
for Climate 
Modelling and 
Analysis 
(Canada) 

 T63L35 
H8192 V35 
CanAM4 
Scinocca et al., 2008 

1.41° × 0.94° 
H49152 V40 
CanOM4 (from 
NCOM) 

CMOC 
Christian et al., 2010 
 
CTEM 
Arora et al., 2009 

 
 
 
 
Flato and Hibler, 1992 

CLASS 
 
 
 
Verseghy, 1991 

No flux adjustments 
 
 
 
CanESM2, 2011 

3. GISS-E2-R NASA / GISS 
(USA) 

 2° × 2.5° 
H12960 V40 
 
 

1.41° × 0.94° 
H51840 V32 

    

4. hadgem2-es Met Office Hadley 
Centre 
(UK) 

 T63L35 
H27648 V38 
HadGEM2-AO 
 

0.83° × 
H77760 V40 
HadGEM2-AO 

   No flux adjustments 

 8 
 9 
[Alternative Table] 10 
 11 
 12 
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Table 9.1b: Prototype Table 2 - Significant properties of the AOGCMs used for CMIP5. 1 
Selected model features of participating Earth System Models and important references. The models are 2 
listed by IPCC identification (Model ID) along with the calendar year of the first publication of results from 3 
each model and the respective sponsoring institutions. Also listed are references on the implementation of 4 
atmospheric dynamics, physics and chemistry, information on the implementation of oceanic dynamics, 5 
biogeochemistry and sea ice, information on the respective terrestrial ecosystem model, and details on the 6 
coupled system. [This table is a more detailed table that would go in portrait mode over two pages] 7 
 8 
Model 
ID 

Sponsor(s) Atmosphere Ocean Land Coupled 
System 

  Dynamics Physics Chemistry/Aerosols Dynamics Biochemistry Sea-ice TES/CC  
Model 
A 

Institute B T63L30  interactive aerosols 1 × 0.4 deg Carbon    

 (country C) author a, 
year x 

author b, 
year y 

author a, year x author a, 
year x 

author a, year 
x 

author a, 
year x 

author a, 
year x 

author a, 
year x 

 9 
 10 

11 
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Table 9.2: [PLACEHOLDER FOR FIRST ORDER DRAFT] Observationally-based estimates of 1 
atmospheric Essential Climate Variables evaluated in Chapter 9; alternates are shown in parentheses. [to be 2 
updated] 3 
ECV DATASET Period Notes Reference 
Temperature CRU  2 meter, land  
Temperature    SST  
Temperature RSS  Lower-troposphere (TLT)  
Precipitation GPCP    
Precipitation     
Radiation CERES  Top-of-atmosphere 

longwave and shortwave 
 

Water vapour RSS    
Total column ozone TOMS 1980–1999   
 4 
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Figures 1 
 2 
[PLACEHOLDER FOR FIRST ORDER DRAFT: Figures provided here are intended to be representative of 3 
the sort of figures that will be included. Additional figures, with better balance between sections will be 4 
provided. Awaiting results to construct (and cite) a more comprehensive set of figures for this chapter.] 5 

6 



Zero Order Draft Chapter 9 IPCC WGI Fifth Assessment Report 

Do Not Cite, Quote or Distribute 9-103 Total pages: 137 

 1 

 2 
Figure 9.1: A simple figure that illustrates the three levels of model components and that highlights the 3 
different components of Atmosphere Ocean General Circulation Models (AOGCMs) and Earth System 4 
Models (ESMs). 5 

6 
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 1 

 2 
 3 
Figure 9.2: [PLACEHOLDER FOR FIRST ORDER DRAFT] [AR4 Figure 8.2.] (a) Observed 4 
climatological annual mean SST and, over land, surfaceair temperature (labelled contours) and the multi-5 
model mean error in these temperatures, simulated minus observed (colour-shaded contours). (b) Size of the 6 
typical model error, as gauged by the root-mean-square error in this temperature, computed over all 7 
AOGCM simulations available in the MMD at PCMDI. The Hadley Centre Sea Ice and Sea Surface 8 
Temperature (HadISST; Rayner et al., 2003) climatology of SST for 1980 to 1999 and the Climatic Research 9 
Unit (CRU; Jones et al., 1999) climatology of surface air temperature over land for 1961 to 1990 are shown 10 
here. The model results are for the same period in the 20th-century simulations. In the presence of sea ice, 11 
the SST is assumed to be at the approximate freezing point of seawater (–1.8°C).  12 

13 
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 1 

 2 
Figure 9.3: An extension of Figure 8.5 of the AR4 (above), showing 4 panels: (a) observations (with 3 
differences between 2 estimates shown in contours), (b) the multi-model means of the CMIP3 models, (c) the 4 
CMIP5 models, […] or presented as zonal averages. 5 

6 
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 1 

 2 
Figure 9.4: Normalised RMS error in simulation of climatological patterns of monthly precipitation, mean 3 
sea level pressure and surface air temperature. Recent AOGCMs (circa 2005) are compared to their 4 
predecessors (circa 2000 and earlier). Models are categorised based on whether or not any flux adjustments 5 
were applied. The models are gauged against the following observation-based datasets: Climate Prediction 6 
Center Merged Analysis of Precipitation (CMAP; Xie and Arkin, 1997) for precipitation (1980–1999), 7 
European Centre for Medium Range Weather Forecasts 40-year reanalysis (ERA40; Uppala et al., 2005) for 8 
sea level pressure (1980–1999) and Climatic Research Unit (CRU; Jones et al., 1999) for surface 9 
temperature (1961–1990). Before computing the errors, both the observed and simulated fields were mapped 10 
to a uniform 4° x 5° latitude-longitude grid. For the earlier generation of models, results are based on the 11 
archived output from control runs (specifically, the first 30 years, in the case of temperature, and the first 20 12 
years for the other fields), and for the recent generation models, results are based on the 20th-century 13 
simulations with climatological periods selected to correspond with observations. (In both groups of models, 14 
results are insensitive to the period selected.) [Taken from Figure 8.11 of Chapter 8 of the AR4, This figure 15 
would be substantially modified, comparing CMIP3 and CMIP5 (rather than CMIP2 and CMIP3).  All 16 
individual models would be color coded and identified. Results would be shown for a number of ECVs (Ts, 17 
pr, clt, OLR, water vapour, etc.) Perhaps only models without flux correction would be shown (i.e., most). 18 
This is an alternate to a “portrait plot” of relative model performance.] 19 

20 
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 1 

 2 
Figure 9.5: Multivariable Taylor diagrams of the 20th century CMIP3 annual cycle climatology (1980–3 
1999) for NHEX (20°N–90°N).  Color identified for each variable, with dots representing individual models 4 
and triangles denote multi-model mean.  Standard deviation is normalized by the observed value for each 5 
variable. Taken from Gleckler et al. 2008 [Models to be updated with CMIP5 as well as all observations, and 6 
results to be shown for the global annual cycle. Individual models to be identified.] 7 

8 
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 1 

 2 
Figure 9.6: Taken from the AR4 Figure 9.6 (D&A Chapter), the above figure shows local linear trends of 3 
surface temperature from 1979–2005. The proposed figure would add similar panels for water vapour (1988–4 
2005). Inter-model s.d. to be shown with contours. 5 

6 
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Figure 9.7: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure to be constructed consists of two 1 
scatter plots, one for surface temperature, and one for water vapour. On each plot, the y-axis corresponds to 2 
the amplitude of the global average linear trend, and on the x-axis, the spatial pattern correlation of the 3 
simulated and observed linear trends.  4 

5 
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 1 

 2 
Figure 9.8: Taken from Santer et al. (2009). [PLACEHOLDER FOR FIRST ORDER DRAFT: Similar to 3 
the above except replacing the y-axis with the spatial pattern correlation of the observed and simulated 4 
monthly variability. One figure for SST, and one for water vapour.] 5 

6 
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 2 
Figure 9.9: Simulated present-day (1980–1999 average) absolute September to November total column 3 
ozone (a) and the bias of it from TOMS data (b). The four models that deviate most from observations (two 4 
low-biased and two high-biased) are shown in (a, b) to illustrate the spread. The average of 18 CCMVal-2 5 
models in the large panels is shown in (d,e), and the AC&C / SPARC ozone database in (f, g). Changes in 6 
total column ozone over Antarctica (averaged from 60°S–90°S) from 1960 to 2000 for the above datasets are 7 
shown in panel (h). Ozone depletion increased after 1960 as equivalent stratospheric chlorine (ESC) values 8 
steadily increased throughout the stratosphere. Modified from Eyring et al., J. Clim, (2011), in preparation. 9 
[Update with CMIP5 models that have interactive stratospheric chemistry.] 10 

11 
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Figure 9.10: [PLACEHOLDER FOR FIRST ORDER DRAFT: Figure to be constructed summarizing 1 
results from paleoclimate comparisons.] 2 

3 
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 1 

 2 
Figure 9.11: [PLACEHOLDER FOR FIRST ORDER DRAFT] From AR4, to be redone from CMIP5: 3 
Figure 8.9. Time-mean observed potential temperature (°C), zonally averaged over all ocean basins (labelled 4 
contours) and multi-model mean error in this field, simulated minus observed (colour-filled contours). The 5 
observations are from the 2004 World Ocean Atlas compiled by Levitus et al. (2005) for the period 1957 to 6 
1990, and the model results are for the same period in the 20th-century simulations in the MMD at PCMDI. 7 

8 
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 1 

 2 
Figure 9.12: [PLACEHOLDER FOR FIRST ORDER DRAFT] [From (de Jong et al., 2009) to show ability 3 
of models to capture the mixed-layer depth in a crucial region for ocean uptake of heat or carbon. Another 4 
region could be shown.] 5 

6 
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Figure 9.13: [PLACEHOLDER FOR FIRST ORDER DRAFT: For CMIP5 we will show results in the form 1 
of a scatter plot. One axis will show near-global ocean annual cycle RMSE errors of SSH and the other axis 2 
will be the same for OHC. Note these will be constructed from independent observations, namely altimetry 3 
and in-situ temperature measurements.] 4 

5 
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 1 

 2 
Figure 9.14: [Taken from Gleckler et al., D&A paper, in preparation] Global average evolution of upper 3 
ocean (0–700 m) volume average temperature. a) New and old estimates of Ishii et al. (2003, 2009) and 4 
Levitus et al. (2005, 2009), b) the impact of using different XBT bias correction methods demonstrated 5 
within a common analysis framework c) Ishii et al. (2009) and Levitus et al. (2009) spatially complete (SC) 6 
and subsampled (SS) as described in text, d) Recent observed estimates and the CMIP3 ensemble common 7 
signal (ECS) for the subset of models including volcanic eruptions, those without, and all models. All times 8 
series are departures from 1957–1990 climatologies (°C), and those in a) and c) are computed from spatially 9 
complete data. For visual clarity, all observational data are 5-year running averages. The 20CEN simulations 10 
in CMIP3 end in 1999 or 2000. [The emphasis of this figure is on observational uncertainty, with multi-11 
model results only shown in panel (d). This information can be re-worked to focus more directly on model-12 
obs comparison.] 13 

14 
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 1 

 2 
Figure 9.15: Temperature and salinity for modern (open symbols) and LGM (filled symbols) as estimated 3 
from data (with error bars) at ODP sites (Adkins et al., 2002) and predicted by the PMIP2 models. Site 981 4 
triangles) is located in the North Atlantic (Feni Drift, 55_N, 15_W, 2184 m). Site 1093 (upside down 5 
triangles) is located in the South Atlantic (Shona Rise, 50_S, 6_E, 3626 m). OnlyCCSMincluded a 1 psu 6 
adjustment of ocean salinity at initialization to account for fresh water frozen into LGMice sheets; HadCM, 7 
MIROC, and ECBilt LGM predicted salinities have been adjusted to allow comparison. Show quantitatively 8 
how deep-ocean properties can be evaluated for both modern and palaeoclimate. From (Otto-Bliesner et al., 9 
2007). 10 

11 
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 2 
Figure 9.16: [PLACEHOLDER FOR FIRST ORDER DRAFT] Baseline climate (1980–1999) model mean 3 
sea ice extent seasonal cycle in the Northern (left) and Southern (right) hemispheres as simulated by CMIP3 4 
models (1 and solid) and observed (2 and dashed). The shaded are shows the intermodel standard deviation. 5 
The observed 15% concentration boundaries (red line) are based on the Hadley Centre Sea Ice and Sea 6 
Surface Temperature – HadISST data set (Rayner et al., 2003). [To be replaced by a similar figure for 7 
CMIP5 (for the AR5 baseline period 1986–2005).] 8 
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 2 
Figure 9.17: [PLACEHOLDER FOR FIRST ORDER DRAFT] Baseline climate (1980–1999) sea ice 3 
distribution in the Northern Hemisphere (upper panels) and the Southern Hemisphere (lower panels) 4 
simulated by 17 of CMIP3 AOGCMc for March (left) and September (right). For each 2.5° × 2.5° longitude-5 
latitude grid cell, the figure indicates the number of models that simulate at least 15% of the area covered by 6 
sea ice. The observed 15% concentration boundaries (red line) are based on the Hadley Centre Sea Ice and 7 
Sea Surface Temperature – HadISST data set (Rayner et al., 2003). [To be replaced by a similar figure for 8 
CMIP5 (same period as above – thus comparable to that in AR4 Figure 8.10).] 9 

10 
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 1 

 2 
Figure 9.18: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure showing CMIP5 model ability to 3 
generate natural (unforced) variability of sea ice extent. [Placeholder figure from Holland et al., 2008.] 4 

5 
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 2 
Figure 9.19: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure for diurnal cycle of temperature 3 
(from Dai and Trenberth, 2004). This could be replaced by a harmonic analysis of phase and amplitude, 4 
which would reduce it to two panels, or by selected line graphs, which would allow for all models to be 5 
shown.  6 

7 
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 2 
Figure 9.20: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure for the evaluation of diurnal cycle of 3 
precipitation (example figure from Dai, 2006). Line plots are proposed for main report, maps for 4 
supplementary material. Those figures could be replaced by a harmonic analysis of phase and amplitude. 5 

6 
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 1 

 2 
Figure 9.21: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure illustrating CMIP5 models’ ability to 3 
simulate general features of the seasonal cycle. Placeholder figure is from the AR4. 4 

5 
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 1 

 2 
Figure 9.22: [PLACEHOLDER FOR FIRST ORDER DRAFT: Proposition with CMIP5 / CMIP3 results] 3 
The approximate extent of the global monsoon domain (solid line) and monsoon intensity (shading) are 4 
shown for precipitation (a and b) and 850hPa wind speed (c and d). The monsoon domain is defined where 5 
the local summer-minus-winter precipitation rate (850hPa windspeed) exceeds 2.5 mm/day (2.5 m/s). (a) and 6 
(c) are based on GPCP precipitation and NCEP/DOE Reanalysis-2, respectively. (c) and (d) show the multi-7 
model mean from the CMIP3 20c3m simulations. After Kim et al. (2011) 8 

9 
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 1 

 2 
Figure 9.23: [PLACEHOLDER FOR FIRST ORDER DRAFT: Proposition this kind of figure with CMIP5 3 
results] Evaluation of the CGCMs’ performance on the climatological global monsoon intensity (left) and 4 
domain (right). The regression coefficient is shown in lower-right corner of each panel. The domain used is 5 
0°–360°E, 40°S–45°N. The threat score has a range of 0–1, with 1 indicating perfect agreement with 6 
observations. After Kim et al. (2011) 7 

8 
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 2 
Figure 9.24: [PLACEHOLDER FOR FIRST ORDER DRAFT] (From Kim et al., 2009) illustrating model 3 
performance in simulating MJO.  4 

5 
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Figure 9.25: [PLACEHOLDER FOR FIRST ORDER DRAFT] [tbd] 1 
2 
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 2 
Figure 9.26: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure illustrating models’ ability to 3 
simulate Atlantic multidecadal variability. The placeholder figure merely shows this for one particular model 4 
(CCCma). 5 

6 
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 2 
Figure 9.27: [PLACEHOLDER FOR FIRST ORDER DRAFT] ENSO power spectra for different models. 3 
[Placeholder figure taken from AR4 – to be updated] 4 

5 
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 2 
Figure 9.28: [PLACEHOLDER FOR FIRST ORDER DRAFT] Map of recent coordinated downscaling 3 
study regions. From Giorgi et al., WMO Bulletin 2009, 58:3, 175-183. [NB: Need copyright or redrawing.]  4 

5 
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Figure 9.29: Monthly mean model temperature bias vs. observed monthly mean temperature for Region MD 3 
(Mediterranean) for the period 1961–2000. Raw data shown for MPI model, while full curves represents 4 
polynomial fit to underlying data. Dashed curve segments based on fit excluding the 25% warmest of all 5 
months are added to the right. Taken from (Christensen et al., 2008) 6 

7 
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 2 
Figure 9.30: Monthly mean model precipitation bias vs. observed monthly mean precipitation for Region SC 3 
(Scandinavia) for the period 1961–2000. Raw data shown for MPI model, while full curves represent 4 
polynomial fit to underlying data. Dashed curve segments based on fit excluding the 25% wettest of all 5 
months are added to the right. No model precipitation data available for the UCLM PROMES experiment 6 
due to a temporary error in the data archive. Taken from (Christensen et al., 2008) 7 8 
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Figure 9.31: [PLACEHOLDER FOR FIRST ORDER DRAFT] Global display of regional model skill, as a 1 
synthesis figure. Preferably [tbc] for the same regions as those displayed in [Figure 9.28]. Generic results for 2 
various regions (sample, appropriately, results from ENSEMBLES (Europe), NARCCAP (North America), 3 
RMIP (Asia), CLARIS (South America), CORDEX (multiple regions)). [So far, ENSEMBLES 4 
accommodates the largest set of models for a specific region and features the longest hindcasts; Figure to be 5 
created, no suitable placeholder available.] 6 
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Figure 9.32: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure from (Stott and Forest, 2007) 3 
Probability distributions of Transient Climate Response estimated from climate change detection statistics 4 
and from calibrated EMICs. (Figure 8 and caption from (Stott and Forest, 2007)). Caption from: Probability 5 
distributions of TCR (expressed as warming rates over the century), as constrained by observed 20th century 6 
temperature change, and as calculated using HadCM3 (red), PCM (green), GFDL (blue) and from 7 
unweighted average of all three PDFs (turquoise). Coloured circles show each model's TCR. Also shown as 8 
diamonds are the TCRs of climate models forming part of the IPCC AR4 ensemble and the 5 to 95 percentile 9 
range derived by (Forest et al., 2006) using a large ensemble of EMICs is shown as the black bar with the 10 
star showing the median. [Data from (Knutti and Tomassini, 2008) to be incorporated.]  11 

12 
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Figure 9.33: [PLACEHOLDER FOR FIRST ORDER DRAFT] [Example of figure that could be drawn 3 
using CMIP5 results, compared to PMIP3 (the one included here) and to other ensemble simulations (new 4 
estimates should be available soon). It is only an example, but a completely new set of figures will be 5 
proposed when new results are available.] The legend for this figure is extracted from Edwards et al. 6 
(Edwards et al., 2007): Climate sensitivity as a function of tropical sea surface temperature change between 7 
the pre-industrial and the LGM for three model ensembles: the MIROC3.2 model with PMIP LGM boundary 8 
conditions (Annan, private communication); the CLIMBER-2 model with PMIP LGM boundary conditions; 9 
and CLIMBER-2 with additional dust and vegetation forcings (Schneider von Deimling, private 10 
communication). For comparison, five PMIP 2 coupled ocean-atmosphere GCMs are shown (Crucifix, 11 
2006). The MIROC3.2 ensemble uses a simpler version of the model than PMIP 2. The vertical lines indicate 12 
the 1σ limits of reconstructed tropical SST change at the LGM from Ballantyne et al. (2005). 13 

14 
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Figure 9.34: [PLACEHOLDER FOR FIRST ORDER DRAFT] Scatter plot of simulated springtime Δαs/ΔTs values in 3 
climate change (ordinate) vs simulated springtime Δαs/ΔTs values in the seasonal cycle (abscissa) in transient climate 4 
change experiments with 17 AOGCMs (αs and Ts are surface albedo and surface air temperature, respectively). From 5 
Hall and Qu (2006). [to be replaced with promising new and not yet existing CMIP5 figure that relates model 6 
performance to projections.] 7 
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FAQ 9.1, Figure 1: [PLACEHOLDER FOR FIRST ORDER DRAFT] Figure illustrating model 3 
improvement over time, based on some metric, or collection of metrics (as indicated by the coloured 4 
‘clouds’), computed for models participating in the various CMIP intercomparions. A figure along these 5 
lines was published by Reichler and Kim (2008), but something a bit different to be produced based on more 6 
recent results and better understanding of the properties of various model performance metrics. 7 
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